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Abstract 

Tourism involves the movement of people. Visitors move between destinations 

differently, which creates patterns and networks that link destinations within travel 

itineraries. These patterns contain valuable information that can be analysed for tourism 

product development, to improve marketing services and assist in infrastructure and 

transportation development decisions. 

Traditionally, research on visitors' travel patterns relied on data collected from 

interviews, surveys, or direct observation. Normally the size of this type of data is 

relatively small, and processing of data collection is costly as well as time consuming. 

The introduction of big data analytics within tourism research has seen a diversification 

within data sources, and social media has become a particularly valuable source. Social 

media generates vast volumes of data, which in addition to text, images, and video 

content contains additional information in the form of metadata, such as geo-location 

(where posts were made) and user origins. When combined with advances in big data 

analytics, this type of data opens an opportunity to model temporal and spatial travel 

patterns and especially understand the travel pattern drivers behind the travel patterns. 

Due to the flexibility of social media data collection, understanding visitors' travel 

patterns is not limited to one destination but can be expanded to the national or global 

scale.  

This thesis took advantage of the value of social media data and big data 

analytics, in five independent but interconnected chapters to report, and advance 

knowledge on visitors travel patterns. The thesis is partly comprised of papers with a 

compilation of five manuscripts in addition to an introduction, an overview of the 

methodology, and a conclusion chapter.  
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Manuscript one consisted of a literature review that synthesises the relevant 

literature relating to social media, tourism, and travel patterns. In the review, key 

parameters were defined to describe and synthesise the emerging field of tracking 

visitor flows with social media data. The review discussed commonly used methods and 

technologies and makes recommendations for future research approaches.  

Manuscript two focused on data analytics and theory validation. It applied social 

network analysis and core-periphery theory using social media data to build the travel 

networks. The case study followed the travel of Chinese visitors between selected 

Australian destinations to examine travel structures. The Chinese social media platform 

Weibo was the data source. The results demonstrated that Chinese visitors in Australia 

mostly visit iconic Australian destinations first, before visiting destinations classified as 

semi-core or periphery. The findings indicated the suitability of applying core-periphery 

theory to social media data. It was also revealed that consideration should be given to 

the number of destinations within visitors' travel itineraries when analysing the core-

periphery travel structures.  The rationale for this focus was that the same destination 

may play a different role if the number of destinations is different. 

Manuscript three explored global tourist mobility from social media data and 

expanded the focus study to a global perspective. The case study investigated travel patterns 

of Chinese visitors before and after travel to Australia. This work addressed global tourist 

mobility and how Australia is positioned as an international travel destination. Results 

showed that Chinese visitors visited thirteen regions before or after their travel to Australia, 

and they appeared to travel directly from Australia to China, which indicated that 

Australia was the most prominent gateway country. The proposed method for 

identifying global travel patterns may be helpful to understand the impacts of the 
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coronavirus pandemic and highlights that tracking mobility is important to understand 

the spread of diseases as well as opportunities for tourism recovery. 

Manuscript four proposed a method that identified Chinese travel sentiment in 

Chinese language. The method was tested using data from Weibo, and a case that 

focused on Weibo users’ posts related to visiting the Great Barrier Reef (GBR) was 

conducted. The manuscript detailed the process of capturing the Weibo posts describing 

the creation of lexicon and presented an algorithm for sentiment calculation. By 

investigating the sentiment towards different GBR destinations, it was demonstrated 

that the proposed method was effective in obtaining insights and may be suitable to 

monitor visitor opinions. 

Manuscript five introduced a new methodology that conducted importance-

performance analysis (IPA) to understand visitor satisfaction with travel patterns. The 

new method indirectly measured performance and importance values from publicly 

available social media data (Weibo). A lexicon-based method for sentiment analysis 

was applied to identify performance value. Importance was calculated as the adjusted 

association rule mining algorithm Support, which assessed the frequency of posts at 

each destination. The results indicated that the proposed methodology offers an 

opportunity to conduct IPA indirectly from social media data with larger sample sizes, 

but at a lower cost with flexible data collection. The research used Chinese visitors to 

Australia as a case study, but the proposed approach could benefit a range of decision-

makers directly or indirectly related to tourism. 
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是将爱融入日常生活。为了获得了更好的教育机会，您决定从村庄搬到城市，尽

管这给家庭带来了沉重的经济负担。从我小时候就记得妈妈反复告诉我要保持独

立并享受生活。她为自己没有接受好的教育感到遗憾，如果她有更多的学习机

会，她一定可以有更多的成就（但是我绝对尊重那些乐于照顾家庭的人，例如我

的妈妈）。我父亲常常工作到深夜，但他喜欢在我做作业时和我一起坐上几分

钟，而妈妈会给我一杯温暖的牛奶。在今后的生活中，这些爱使我得以前进，并

鼓励我探索世界。 

今天，我为自己的身份和所做的事感到自豪。凭着我的经验和爱，无所畏

惧，踏入人生的新篇章。  
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 Introduction 

 Travel involves the movement of people. Visitors move between destinations 

differently, creating networks or patterns that link destinations within travel itineraries. 

Visitors’ itineraries are often relatively idiosyncratic, however, when itineraries are analysed in 

aggregated form, travel patterns emerge. Travel patterns contain valuable information that 

can be used to develop new products or packages, such as combining different types of 

attractions in a package, providing personalised travel marketing information, and tailoring 

infrastructure transportation development. Visitors’ travel patterns information can also 

provide data to analyse visitors' social, environmental, and cultural impacts (Lew & 

McKercher, 2006).  

Gathering a large amount of data and the lack of advanced technologies to process the 

large volume of itineraries presented challenges for travel pattern analysis (Shoval, Kahani, 

De Cantis, & Ferrante, 2020). The past analysis of travel patterns mainly focused on small 

scale movements or simple routes (Leiper, 1989; Lew & McKercher, 2006). But with 

technology development, collecting data related to personalised travel routes can be expanded 

to larger data and destination scales. For example, global positioning system (GPS) devices 

can be used to track visitor movements (Birenboim, Anton-Clavé, Russo, & Shoval, 2013; 

Birenboim & Shoval, 2016; Hardy, Birenboim, & Wells, 2020; Shoval, McKercher, Ng, & 

Birenboim, 2011) and data from social media can be captured to analyse visitor travel 

itineraries (Chen, Becken, & Stantic, 2020a, 2020b; J. A. Donaire, Camprubí, & Galí, 2014; 

José A. Donaire, Camprubí, & Galí, 2014; Benxiang Zeng & Gerritsen, 2014). Social media 

provides a geo-location (where posts were generated) and includes the text in the posts where 

visitors can share their opinions about the travel experience. This information can then be 

used to identify travel patterns and analyse destination satisfaction. Linking visitor’ 
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satisfaction with travel patterns may reveal why certain destinations are popular, and results 

can be used to improve tourism management.   

The concept of big data analytics has been applied in tourism in many areas and has 

enhanced tourism research (J. Li, Xu, Tang, Wang, & Li, 2018). For example, X. Li, Pan, 

Law, and Huang (2017) argued that big data analytics could provide large scale data samples 

without sampling bias, helping both academia and the tourism sector understand visitor’ 

behaviour. X. (Robert) Li, Hsu, and Lawton, 2015) suggested that big data analytics could 

develop new knowledge to reshape the current understanding of the hospitality industry and 

may support decision-making. A big data approach can advance tourism knowledge by 

understanding visitor demand, behaviour, and satisfaction.  

This chapter is set out as follows: Section 1.1 presents the research motivations and 

justifies the chosen case study. Section 1.2 reviews the foundation literature, including an 

overview of tourism geography and how big data has been applied in previous tourism 

studies. Key concepts on which this work founded are explained in Section 1.3, following by 

a statement of the research aims and objectives presented in Section 1.4. Lastly, Section 1.5 

overviews the thesis structure. 

 Research motivations and the case study 

Understanding the dispersal of visitors and connections between destinations during 

trips are important for destination management. This information can inform the creation of 

linkages between destinations, help to adjust transport infrastructure, or may assist in 

developing cooperation between tourism organisations (Asero, Gozzo, & Tomaselli, 2016).  

Destinations can be planned and managed by different administrative bases and 

founded on the geographical boundaries (Paulino, Lozano, & Prats, 2021). However, visitors’ 

travel patterns can be very different and sometimes get restricted by the destinations' 
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geographical distances (Asero et al., 2016). Therefore, it may be necessary to focus on a 

specific nation or type of visitor (i.e. Nature lover or winery visitors) when analysing visitor 

travel patterns. China has been Australia fastest-growing inbound tourism market and a large 

contributor to international visitor spending. In 2017, China replaced New Zealand as 

Australia’s leading visitor market (Tourism Research Australia, 2019a). However, Australia 

is not featured in the top ten international destinations for Chinese visitors (China Tourism 

Academy, 2014), suggesting there is room for further growth.  

Although the current pandemic put international tourism on hold, it also tragically 

highlights the risks associated with global mobility. Travellers are vectors and contributors to 

the rapid and global spread of the virus. The notion of contact tracing has become a key 

activity for health organisations. With the gradual containment of the COVID-19 in some 

regions, the Australian government and the tourism sector are discussing various recovery 

strategies including the creation of “travel bubbles” (Homeaffairs, 2020) to help international 

tourism recovery.  The outcomes may provide insights into Chinese visitor behaviours and 

opinions to guide the Australia tourism sector recovery, especially considering the Chinese 

market's potential as a relatively untapped market with potential for significant growth.  

Traditionally it has been difficult for Australia tourism stakeholders and researchers to 

gain insights into the Chinese market due to language barriers. Tourism Research Australia 

(2014) found that 77% of Chinese visitors could not speak English well or at all. While 

Chinese visitors are active social media users, they typically use Chinese platforms rather 

than those commonly used by English-speaking visitors (such as Facebook, Twitter, or 

Instagram). Sina Weibo (Weibo) is one of China's dominant social media platforms, with 

over 411 million active users in the first quarter of 2018 (Statista, 2019). More than 98% of 

these users originate from Mainland China (Weibo, 2018). Therefore, Weibo presents as a 

suitable social media platform for the analysis of Chinese visitor ’ opinions.   
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This thesis presents a case study of Chinese visitors to Australia by capturing social 

media data from Weibo to gain a greater understanding of Chinese visitor travel patterns. 

Although the work focuses on Chinese visitors to Australia, the proposed methodological 

framework may be applied to other markets and social media platforms.  

 Tourism geography and big data 

Tourism is regarded as an activity separate from daily life. The study of tourism 

involves multiple perspectives and crosses disciplines, including geography, sociology, and 

economics (W. Zheng, Huang, & Li, 2017). Of particular relevance to this thesis is the 

geographic perspective, which focuses on people's movement, known as visitor mobility 

(Williams, 1998). Geography is a field of science devoted to studying the land, features, 

inhabitants, and the phenomena of the earth. It is often seen to have two main branches: 

human and physical geography. Human geography studies the processes that shape and 

pattern human society, of which, tourism geography is a subcategory.  

When analysing visitor’ movements from a human geography perspective, it is 

important to understand movements at different scales, such as global, international, regional, 

or local (Williams, 1998). Different geographical scales have also been used to analyse and 

model how visitors move between destinations (Lew & McKercher, 2006). The spatial-

temporal relationship between destinations creates visitor flows, especially in multi-

destination trips and their resulting networks. These have been recognised as a positive 

phenomenon, as spatial interaction between destinations provides distinct benefits, such as 

helping city organisations find valid partner cities promoted in certain markets (Hwang & 

Fesenmaier, 2003) 

Studying the spatial distribution of visitors involves observing the distribution of 

places visited, resorts, landscapes, and attractions during travel (Williams, 1998). 
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Traditionally, travel patterns were measured through border crossing statistics, airline data, or 

specifically designed surveys. These data are often static and may not be timely due to time-

lags in collecting and analysing the data. In addition, statistics produced from the data are 

often focused on total arrivals or spending and fail to provide individual itineraries' 

geographic details. As a result, the data poorly reflects the dynamic nature of travel that has 

become commonplace (Yuan & Medel, 2016).  

The availability of big data offers new opportunities in addition to traditional data 

sources and techniques to analyse travel patterns. Big data is often characterised by the 4Vs: 

volume, variety, velocity, and veracity. Therefore, handing big data requires new 

technologies to store, process, and analyse it (Stantic & Pokorný, 2014). Recent advances in 

computer science, technology, and communication, in combination with advances in 

equipment and services, have opened new avenues through which information can be 

collected and generated (Miller & Goodchild, 2015).  

The popularity of social media platforms and the increasing number of users has 

resulted in a large data source perfectly suited for big data analytics in many areas including 

tourism and hospitality studies (J. Li et al., 2018). The availability of geotagged social media 

data enables the mining of high resolution spatial and temporal features of groups or 

individual activities (Rashidi, Abbasi, Maghrebi, Hasan, & Waller, 2017). 

For big data analytics in tourism and hospitality studies, there are three main data 

sources. These are dominated by user-generated data, data generated from devices, and 

transaction data such as online booking data (J. Li et al., 2018). Social media as a data source 

has been well accepted in tourism studies, especially in modelling the travel patterns of 

visitors (Henderson, 2006; D. Leung, Law, van Hoof, & Buhalis, 2013; Önder & Marchiori, 

2017; J. Wang, Mo, Wang, & Jin, 2011). The advantages of using social media and big data 

analytics to understand visitor travel patterns can be seen in the following four aspects:  
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1. Flexible data collection: Data collection can be based on different keywords and 

different geo-location scales. Also, data can be collected near real-time, and the adjustment of 

parameters for data collection is relatively easy.  

2. High spatial-temporal resolution: Social media data can be associated with geo-

coordinates (Latitude; Longitude) and time, which provides information on the location of 

where the data was posted. The granularity of space can be very fine, such as a specific 

attraction; however, it is possible to aggregate data to higher levels, like a city, region, 

country or even globally. The posting time can also be aggregated to the minute, hour, day, 

month, season, or year to analyse travel patterns. 

3. Cost-effective: Social media data can be collected through  Application 

Programming Interface (API) or purposely built web crawlers with the flexibility of 

parameters for data collection. When compared to surveys, which require surveying people at 

different locations, the collection of social media data is more efficient and cost-effective.  

4. Contents richness: Social media data not only comes in high volumes but also 

provides in addition to text, emoticons, images, videos, as well as metadata (user info), which 

allows the exploration of visitor interests and levels of satisfaction towards attributes and 

destinations.  
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 Definitions of key concepts  

Before discussing the research aims and objectives, the key concepts used in this work 

are explained in Table 1.1. 

Table 1.1 Definitions of key concepts 

    Concept 
Definition 

    Big data Normally defined with 4 Vs:  volume, variety, velocity, and 

veracity (Stantic & Pokorný, 2014) 

    Big data analytics Technology to store, process, analyse and visualise the data 

(Pokorny & Stantic, 2019) 

    Social network A set of nodes and ties which link nodes (Casanueva, Gallego, & 

García-Sánchez, 2016) 

     Degree centrality The number of connections that one node has (Shih, 2006) 

    Eigenvector centrality The importance of a node if the node is connected with high degree 

centrality nodes (Ruhnau, 2000) 

    Sentiment    analysis Determines the overall contextual polarity of a text document, an 

opinion, or an emotion expressed in online user-generated content, 

whereby polarity can be positive, neutral, or negative (Alaei, Becken, & 

Stantic, 2019). 

   Association rule    

   mining - Support 

Support is an indication of how frequently the attribute appears in 

the dataset. 

   Importance- 

   Performance Analysis 

   (IPA) 

Value of performance and importance are two dimensions which 

are integrated into a matrix to identify individual satisfaction (I. K. W. Lai 

& Hitchcock, 2015) 
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 Research Aims and Objectives 

The overall aim of this work is to identify new approaches to map visitor travel 

patterns, but also to assess visitor satisfaction within the travel pattern. The research also aims 

to provide confidence that social media and big data analytics can be adopted to advance 

knowledge on visitor travel patterns. Five Research Objectives (RO) were identified to 

achieve these aims: 

RO1: Examine the current state of the literature on how social media can be utilised to 

understand visitors’ travel patterns. Specifically, the research seeks to: 

• Identify key parameters that describe the field regarding the publication outlet, 

the geographic focus, and associated theories.  

• Examine key social media platforms, available technologies for data analytics, 

and considered data volumes   

• Better understand the source of information and how to distinguish the social 

media posts of visitors from local residents. 

RO2:  Investigate the applicability of core-periphery theory to analyse visitors’ travel 

patterns using social media, specifically to: 

• Assess the possibility of tracking the travel patterns of visitors by using social 

media data. 

• Identify the role and relative importance of selected destinations as either 

gateways or receivers. 

• Determine how the length of itineraries may influence core-periphery 

structures.  
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RO3: Track visitors’ travel patterns globally through social media data, with a focus 

on: 

• Design algorithms to track visitors’ travel flows between regions. 

• Undertake a case study on Chinese visitors who travelled to Australia and 

other global regions.  

RO4: Develop a framework and methodology to perform sentiment analysis of the 

Chinese language: 

• Create a comprehensive Chinese lexicon. 

• Design algorithms to calculate the sentiment polarity of Chinese social media 

text. 

• Test the algorithms within a case study.   

 

RO5: Propose a new approach to conduct Importance-Performance analysis using 

social media data, specifically: 

• Indirectly measure performance and importance values. 

• Identify the relevant attributes of visitor interests from social media text. 

• Find destinations from posts geo-locations. 

• Develop and test the new approach to assess visitor satisfaction related to 

travel itineraries. 
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  Structure of the thesis 

The remainder of the thesis is organised as follows: Chapter 2 presents a manuscript 

devoted to reviewing the literature related to the use of social media to analyse travel 

patterns. Based on the knowledge built from the literature review, an overview of the 

methodology developed to answer the research objectives is presented in Chapter 3. 

Following four Chapters are based on independent manuscripts that present the research 

findings addressing the proposed research objectives (Chapters 4, 5, 6, and 7). Chapter 8 

concludes the thesis and further elaborates on the research findings, integrating the research 

contributions, and providing future work avenues. 
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      Harness social media to analyse travel patterns: a review and future        

directions 

 

Abstract  

Social media has been harnessed to analyse the movement of visitors within 

destinations. This work reviews and advances the knowledge of how social media is used to 

understand visitors’ travel patterns. We examine key parameters of scholarly context, 

geographic focus and investigate the range of social media platforms, also provide information 

on data volumes and timeframes applied in earlier research. An assessment of theoretical 

underpinning is followed by a review of technologies and methods applied to understand travel 

patterns. Clearly, the wide range of research problems that form part of this new field demands 

a diversity of research methods, whereby more advanced approaches are largely lacking. 

Thirdly, the review reveals how researchers have solved the problem of filtering tourists as the 

source of information from the wider population of social media users. Finally, we provide a 

synopsis of gaps in existing work and suggest directions for future research.  

 

 

Keywords: travel patterns; visitor movements; tourist mobility; social media; 

information technology; big data 
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 Introduction 

The current coronavirus pandemic tragically highlights the risks associated with global 

and ubiquitous mobility. Whilst the increasingly connected world has delivered great benefits 

for the travelling public, the downsides of the world’s transport corridors have become clear. 

Travellers are vectors and have contributed to a fast and global spread of the SARS-CoV-2 

virus. The notion of ‘contact tracing’ has become a key activity for national health 

organisations, some of whom are beginning to use smart technology to enable surveillance of 

movements (Boulos & Geraghty, 2020). The rapid spread and the need for tracking have 

become particularly pertinent for popular tourist destinations that receive visitors from all over 

the world (Robertson, 2020). By analysing the movements of the public, it became possible to 

monitor mobility trends for places such as public transport hubs, shopping facilities, parks and 

points of interest.  

2.1.1.  Importance of tracking visitor movements 

Even before the current crisis, the idea of tracking travellers using digital technology 

had gained momentum. The growing interest in mapping and tracking visitors also reflects an 

increasing tourism industry, and more broadly, a highly mobile world (Sheller, 2017). Indeed, 

the phenomenal growth of tourism before the onset of the pandemic has led to increasing 

pressures on popular locations, environments, and communities (Guedes & Jiménez, 2015). 

The rapid growth in tourism meant that there had been a growing need to understand where 

people travel and what they do, so to enable improved management of the geographic 

distribution of visitors (Seraphin, Sheeran, & Pilato, 2018). Tracking has also been suggested 

to be useful for stakeholders who seek to improve the visitor experience and develop new 

products that help destinations extract greater economic benefits from tourism. Understanding 

micro and macro-level itineraries has been proposed to inform destination marketing, 



 

14 

 

infrastructure planning and transport systems (Zhao, Lu, Liu, Lin, & An, 2018).  

While international tourism is currently on hold; global travel activity will likely 

resume after the pandemic crisis. This may then be even more connected to advances in digital 

technology, as more people become accustomed to using Internet-based services and 

communication channels. Digitalisation has already been quite advanced in tourism. Using 

smartphones, for example, allows visitors to book tours/accommodation online, review 

comments for attractions, use maps for directions, and share experiences on social media, all 

in real-time. All of these activities generate digital data that researchers can use to understand 

better what travellers do and where they go.  

2.1.2. Tourist mobility 

Studying visitors’ travel patterns is part of the wider field of tourist mobility. The 

concept of mobility is quite diverse and includes human movements, the spread of information, 

and the transfer of goods (Tribe, Dann, & Jamal, 2015). Most research on tourism mobility, 

however, is interested in where people travel and how they get there. Indeed, the very definition 

of tourism involves travelling from one place to another, leaving one’s place of residence and 

engaging in destination-based travel for a wide range of purposes. One of the significant areas 

of tourist mobility is the analysis of spatial movements (Hannam, Sheller, & Urry, 2006), such 

as tracking visitor travel by GPS data (Birenboim et al., 2013). Traditionally, questions 

concerning itineraries have been examined by geographers, whose primary interest was to 

understand the interactions between humans and space (Oppermann, 1995). More recently, the 

topic also attracted significant interest by sociologists (Hannam, Butler, & Paris, 2014), 

because mobility is not only an observable behaviour – it is an expression of a fast-changing 

society where travel has become one of the key satisfying factors and determinants of success 
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and capital (de Lira, 2016). However, the use of social media data in tourism mobility studies 

is relatively new, albeit fast-growing. With the availability of social media that capitalise on 

traveller’ digital footprints’, it is now possible to conduct much larger scale analyses at a higher 

resolution. 

 

2.1.3. Using social media data for tracking mobility 

Social media is particularly prevalent in the context of travel and concomitant digital 

data have become popular sources to follow where people go in near-real-time and high 

resolution (Sharma et al., 2020). About 65% of users look for travel ideas by searching social 

media (Iswandhani & Muhajir, 2018). Data from social media are often open access under 

specific conditions. For example, Twitter and Flickr provide an Application Platform Interface 

(API) for researchers to retrieve data. Data obtained from social media comes in complex 

structures and contains diverse details and attributes, accompanied by a range of metadata such 

as time, geolocation, user profile details, and often non-verbal content such as emojis, pictures 

or videos. This User-Generated Content (UGC) has become popular in tourism research 

because of its low cost and relatively easy access, but it also poses new analytical challenges 

to researchers with non computer science backgrounds.  

Although previous literature reviews have addressed the applicability of big data to 

tourism (J. Li et al., 2018; Mariani, 2019), the focus was mostly on a broad range of data sources 

and diverse research questions. This work concentrated in-depth on social media data in 

analysing visitor travel patterns and specially focused on the following objectives: 

1) Identify key parameters that describe the field in terms of scholarly context; the 

geographic focus; and theories.  
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2) Examine key social media platforms, available methods for data analytics, and 

considered data volumes   

3)  Better understand the source of information and how to distinguish the social media 

posts of visitors from local residents. 

 

The findings from this review contribute to advancing the field and providing a solid 

base for future researchers who seek to draw on social media data for analysing tourist 

mobility. Moreover, by identifying gaps, future research directions are proposed in the 

discussion. Finally, this review could be of interest to tourism decision-makers, including 

analysts in governments, who are increasingly looking at new opportunities for tracking 

visitors using large-scale and cost-effective methods. Having access to a review of this kind 

essentially serves as a short cut for those who need to decide what data sources and methods 

are available and work best.   

 Identifying relevant literature  

This literature review focused on the role of social media as a new data source for the 

analysis of visitors’ travel patterns. Given the relatively recent increase in social media 

popularity and the role big data approaches play in analysis, we are drawing on literature 

from 2014 to November 2020. Earlier research in this field (e.g., Opperman, 1995) informed 

the context, but those studies do not use social media as a data source. Therefore they are not 

considered in this review.   

2.2.1. Criteria for paper selection  

The process involved three steps. In the first step, sets of keywords were identified to 

be searched on Scopus. The search keywords were: “TITLE-ABS KEY (tourist OR tourism 
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OR visitor OR traveller)”, combined with pattern related words “AND  TITLE-ABS-KEY 

(pattern  OR  visitation  OR  mobility  OR  footprint  OR  flow  OR  network  OR  

movement)”, and the condition related to social media platforms “AND  TITLE-ABS KEY 

(“social media” OR  Twitter  OR  Facebook  OR  Weibo  OR  Instagram  OR  Flickr)”.  

Search returned 1,784 papers from the Scopus database. The second step involved 

filtering by applying appropriate restrictions. Papers were filtered to those published between 

2014 and November 2020, journal and conference articles, and written in English, which 

resulted in 458 papers. After reviewing the titles and abstracts and discarding not relevant 

papers, this final step led to 122 papers that addressed the core topic of this review. The core 

was defined as content that was explicitly related to travel patterns, flows or visitations and 

the data had to be obtained from social media (papers that utilized mobile data, bank 

transactions, data obtained from the surveys, interviews or specific devices are not included). 

An initial classification of selected papers found 82 papers published in journals and 40 in 

conferences. Since the conference publications are mostly from science and technology 

discipline and related to the development of algorithms, this review considered journal 

articles only. 

 

2.2.2.  Identification of relevant variables  

A detailed rationale and explanation of each variable and their connection to the three 

research objectives are provided below:  

Research Objective 1 - key parameters that describe the field. 

Publication outlet is important as it could indicate the focus of the research interests 

from different research disciplines, therefore, the publication outlet was analysed. In addition, 



 

18 

 

destination scale plays an important role in questions around why and how people travel 

based on tourism geography discipline (Williams, 1998). To understand the relevance of 

different destination scales the geographic focus of the reviewed paper was coded into six 

categories: park, city, province, country, continent, and worldwide. This review also paid 

attention to what theories have been applied. Following the above requirements, three 

variables related to the key parameters were identified: 

a) Publication outlet; 

b) Geographic scales; 

c) Theory applied in the papers. 

Research Objective 2 -  Social media platforms, technologies and methods. 

To address this research objective, review extracted information on the different 

forms of social media used, including insights into how data were retrieved.  Information on 

the size of the dataset used and considered time frame covered by the research was also 

considered. Secondly, a list of technologies and tools used in the reviewed papers was created 

and categorised by a specific purpose. Such information should be beneficial for those 

considering future research in this field, especially when not familiar with options available 

for analysis (often open-access tools). Additionally, the methodologies were grouped based 

on the research focus. Thus, four variables helped to address the second research objective: 

            d)   Social media platforms; 

            e)  Volume defined by the size of the data set and timeframe; 

            f) Technologies applied for data collection, data analytics and visualisation; 

            g) Methods used to analyse travel patterns and associated research questions. 
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Research Objective 3 -  Source of information. 

Recognising the information source presents a challenge that needs to be resolved if 

the research interest is on a particular subgroup of social media users, in this case, visitors.  

Previous research has proved a significant difference between locals and visitors’ travel 

behaviour. Therefore, attention was paid on proposed methods that distinguish visitors from 

locals. 

h) How to identify a social media user as a visitor. 

 

 Results 

Results are structured according to the three research objectives. To commence, we 

present the findings on the key parameters that describe the emerging research field, followed 

by the identification of technologies and methods used in reviewed papers. Finally, methods 

researchers developed to distinguish visitors from locals were presented. 

2.3.1.  Key parameters that define the field  

2.3.1.1. Publication outlet 

Literature review looked at the discipline of journals where papers were published 

(67% papers were published in journals), whereby journals were assigned to a discipline 

using information from Web of Science (Science, 2020). There were five different disciplines 

identified from journals: Science & Technology; Environment; Geography; Hospitality 

leisure, Sport & Tourism (Tourism); Transportation. If the journal is associated with multiple 

disciplines, journals count for all identified disciplines.  

The results showed that the leading discipline in journal outputs is Science & 

Technology with nearly 40%, following by Tourism  (34%). Less work was from Geography 
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and Environment, with only 19% and 14% respectively. The results indicated that various 

discipline journals have started paying attention to this topic using social media to analyse 

visitor travel patterns. Top four leading journals were ISPRS International Journal of Geo-

Information (14), Tourism Management (12 publications), PLoS ONE (8) and Journal of 

Travel Research (7).  

2.3.1.2. Geographic focus  

Analysing visitor travel patterns is complicated since destinations are dynamic and 

complex systems (Baggio, 2020). From a tourism geography perspective, destination scale is 

an important aspect. Destinations can be considered at a small scale, such as specific 

attractions, or large scale for travel between cities or even countries. The size of the 

destinations considered in assessed literature were assigned to six categories: Parks; City; 

Province/State; Country; Continent; and Global. The results showed that the city-scale had 

been the most frequently considered (49% of all assessed studies used a city as a case study). 

Cities that dominated the research scales showed a strong interest in the famous tourist 

destinations, such as case study conducted in Beijing, China (Six papers), New York, USA 

(four papers) and Milan, Italy (three papers).  

Case studies related to parks, sate/provinces and country scale shared a similar 

percentage with  17 %, 15 %, and 13% respectively. Considering the complexity of collecting 

travel data on a global scale, it is a surprise that 5% of studies conducted travel pattern 

globally. The analysis showed that city-scale studies dominated, confirming Caldeira & 

Kastenholz' (2019) observation that analysis of visitors' travel patterns is limited to regional 

and local levels.  
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2.3.1.3. Theory applied in the papers  

Most of the selected papers were data-driven and largely descriptive, or they 

specifically focused on methodological advances in this field, particularly from an 

information and computer science perspective. Very few papers specified a theory that 

informed the research approaches or questions. Tourism geography is now beginning to draw 

on both human geography and information sciences to extract value from geo-tagged social 

media (Salas-Olmedo et al., 2018).  

One well-accepted theory in the reviewed papers was Network Theory (N. Chung & 

Lee, 2016; Provenzano, Hawelka, & Baggio, 2018; Tang & Li, 2016), where destinations are 

represented as nodes, and travel patterns are the links among the nodes in a network. Core-

periphery theory was applied to detect the structure of the travel patterns (David-Negre, 

Almedida-Santana, Hernández, & Moreno-Gil, 2018; Tang & Li, 2016). Goal Theory was 

found in Chung & Lee (2016) work, but it is only related to why visitors post locations on 

social media rather than providing a theoretical basis for explaining their spatial movements.  

This review identified the significant absence of theory contribution to analyzing visitor 

travel patterns when using social media. As in the research field like empirical sciences, big 

data analytics are considered data-driven approaches (Mazanec, 2020), theoretical 

contributions are as strong as methodology contribution. However, research has suggested that 

theoretical insights should be considered as it can help to guide the design of research (Elragal 

& Klischewski, 2017). It has been pointed out that theoretical frameworks for analyzing social 

media data are missing at this point (Leung, Sun, & Bai, 2019). Considering the above gaps,  it 

would be beneficial to encourage tourism researchers to collaborate with colleagues who have 
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other disciplinary backgrounds such as computer and information science, which could both 

advance the data analytics methods and make a contribution to theory development 

 

2.3.2. Social media platforms, available technologies for data analytics, and considered 

data volumes    

2.3.2.1. Social media platforms  

Reviewed papers reported a range of social media platforms that provided data for 

analysis. Flickr was found to be the most commonly used platform, maybe because data 

collection is relatively easy with Flickr providing open access for data retrieval using the 

Application Programming Interface (API). Additionally, free Flickr data samples are provided 

by Yahoo Research Databases (Yang Yang, Li, & Li, 2017). The second most popular platform 

was Twitter. Similar to Flickr, Twitter offers an open API with a range of options to collect 

posts, including queries by geo-location or keywords. The third most popular social media 

platform was Instagram, but unlike Twitter, in 2016 Instagram introduced higher API 

restrictions. Weibo also emerged as a popular source for studies, but not surprisingly focuses 

on Chinese travellers. Several other Chinese online platforms, such as  Ctrip, were also used in 

assessing Chinese visitors’ travel patterns. While NAVER focuses on Korean visitors. Table 

2.1 summarises the benefits and challenges of using specific social media platforms as 

identified in the reviewed papers.  
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Table 2.1 Social media platforms considered in the reviewed literature 

Platform 
 

Benefits 

 

Challenges 

 

Sample Studies 

Flickr  

(N = 41) 
• Data 

collection is 

simple. 

• API is 

available. 

• Metadata 

contains geo 

coordinates. 
•  

• Only useful for 

mobility studies 

when posted image 

has geo coordinates.  

• Only for users who 

are interested in 

posting images.  
•  

Alivand & Hochmair, 

2017; Hamstead et al., 

2018; Giglio, Bertacchini, 

Bilotta, & Pantano, 2019; 

Barros, Moya-Gómez, & 

Gutiérrez, 2020 

Twitter  

(N =25)  
• Relatively 

easy access.  

• API is 

available.  

• Data is rich, 

including 

text, images, 

videos 

• Metadata 

contain geo 

coordinates. 

• A large 

number of 

users. 

• Public Twitter API 

has a limitation of 

1% of total data 

restriction (although 

some papers indicate 

they did not suffer 

from such limation). 

 

Brogueira, Batista, & 

Carvalho, 2016; Kovacs-

Györi et al., 2018;  

Provenzano et al., 

2018.Park, Kim, Lee, & 

Ok, 2020 

Weibo  

(N= 9) 
• Rich data in 

the Chinese 

language with 

pictures, text 

and geo 

coordinates. 

• Limited access with 

API. 

• Need for dedicated 

code to crawl posts 

• Chinese language 

only.  

Han et al., 2018; Sui et al., 

2017; J. Tang & Li, 2016; 

Tu et al., 2017; Zhang & 

Zhou, 2018 

Instagram (N= 

8) 
• Rich content 

with 

pictures. 

• Posts 

contain geo 

coordinates. 

• Limited access with 

API. Bejar et al., 2016; Cesario 

et al., 2016; Loiseau et al., 

2018; Tenkanen et al., 

2017; Yu et al., 2017  

Tripadvisor  

(N = 4) 

 

• content with 

pictures, 

posts. 

• No API for access. 

• Does not contain specific 

geo coordinates. 

Khatibi et al., 2017; van der 

Zee, Bertocchi, & 

Vanneste, 2020 
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2.3.2.2. Timeframe and volume of social media data 

The size of social media datasets cannot be estimated before undertaking research. 

Instead, researchers usually pre-set the time frame, keywords, or bounding box for the case 

studies. The examined papers mostly specified the number of social media posts that have 

been used in studies with the timeframe they collected data.  In order to gain a better 

understanding of how data is distributed from social media, a scatter plot was generated 

which identifies data quantity (in millions) and the duration (in years), shown in Figure 2.1.  

 

Panoramio  

(N= 2) 
• Posts with 

geo 

coordinates. 

• A small number of users 

• The platform has been 

STOPPED 

 

Alivand & Hochmair, 2017; 

Encalada et al., 2017 

Foursquare  

(N= 2) 
• Posts with 

geo 

coordinates. 

• A small number of users 

• The platform has been 

STOPPED 
 

Maeda, Yoshida, Toriumi, 

& Ohashi, 2018; Vu, Li, 

Law, & Zhang, 2018a 

Wikiloc trails 

(N= 2) 
• Coordinated 

data  

• Travel notes 
 

• Limited number of users 
Fang & Cooperat, 2018; 
Barros et al., 2020 

NAVER  

(N= 1) 
• Rich data in 

the Korean 

language with 

pictures, text 

and geo 

coordinates. 

• Limited access with API 

• Korean language only 
 

H. C. Chung, Chung, & 

Nam, 2017 

Ctrip  

(N= 1) 
• content with 

pictures, 

posts. 

• No API for access. 

• Not specific geo 

coordinates. 
 

Yong Yang, 2018 
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This review found that data collected within one year were the most popular 

timeframe, around 37% of all reviewed papers retrieved data for this duration (e.g. Chen, 

Becken, & Stantic, 2020), following by a period greater than ten years, with about 22% of 

papers (e.g. Fisher et al., 2018). The longest data collection period was found to be sixteen 

years, from 2000 to 2016 (Khatibi et al., 2017). While a large dataset (not shown in Figure 

2.1) considered 944 million tweets from one full year and their work analysed global mobility 

(Hawelka et al., 2014), following by another work with 13 million Twitter users posts over 

one year, which studied tourists’ flow in Europe (Provenzano et al., 2018).  

 

 

 

 

Figure 2.1 Size of social media data with regard to the timeframe 
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2.3.2.3. Available technologies  for data analytics 

Social media data has characteristics of big data and requires advanced technologies to 

collect, process and analyse such data. Therefore, this work also looked into what technologies 

and methods were considered and utilized in the literature when assessing visitors travel 

patterns and using social media as a data source. 

A wide range of tools and technologies were used in assessed literature to analyse social 

media data. Table 2.2 presents technologies used (most are open sources software or free 

libraries) and highlights the purpose. Provided details are useful to guide future research 

regarding collecting, storing, and analysing social media data.  

Table 2.2 Available technologies for data retrieval, storing and analysis 

Stage of the process  
Tool or system 

Retrieving data Tags, Clarifai API, Vision API, Mapbox 

API, Google Places, API Web Services,  

Database for storing data NoSQL, MongoDB 

Software and programming language  for 

data analysis   

ArcGIS, Gephi, XLSTAT, UCINET, 

Excel, Spss, Sublime Text, Anaconda, 

Spyder, Tensor Flow, TraMineR, 

GraphML, FudanNLP, Python, 

Mathematica 

Data visualisation tools NetworkX, ArcGIS, Gephi, Tableau 

 

2.3.2.4.  Methods used to analyse travel patterns and associated research focus 

 The examination of methods applied in the reviewed papers highlighted considerable 

diversities and reflected the wide range of research problems explored. Table 2.3 categorizes 

the most popular methods, revealing domination of statistical approaches, followed by 
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clustering techniques used to aggregate spatial locations into meaningful groups (e.g. for 

density considerations). Despite this review's relatively narrow research topic, the table 

highlights a wide range of research focuses that demand different methods to provide answers.  

Table 2.3 Methods applied regarding the specific problem to be solved 

Category 

of methods 

Method Sample studies Research focus 

Statistical 

models 

Linear regression Hamstead et al., 2018; 

Levin, Lechner, & 

Brown, 2017 

 

Assessing the 

importance of factors 

that affected the 

visitation of parks 

Markov chain 

model 

Tu et al., 2017; Zheng, 

Zha, & Chua, 2012 

Analysing the trend of 

spatiotemporal 

movement and 

outcomes of sequential 

events 

Spearman’s 

correlation 

Zhang & Zhou, 2018  

Polynomial 

Regression model 

Önder & Marchiori, 

2017 

Clustering 

Detection 

Density-based 

spatial clustering  

Donaire et al., 2014 Selecting a set of points 

within a defined space 

and grouping together 

close points to assess 

the density of activities 

K - means 

clustering 

Iswandhani & Muhajir, 

2018; Salas-Olmedo, 

Moya-Gomez, Garcia-

Palomares, & Gutierrez, 

2018 

Heat maps Guedes & Jiménez, 

2015; Hamstead et al., 

2018 

Network 

Analysis 

Social network 

analysis 

Asero, Gozzo, & 

Tomaselli, 2016; H. C. 

Chung et al., 2017 

Considering 

destinations as nodes 

and discovering the 

travel network among 

the destinations 
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Machine 

Learning  

Deeping leaning Han et al., 2018 Predicting the 

movements based on 

available trajectory. 

Content 

Analysis 

Term Frequency-

Inverse Document 

Frequency (TF-

IDF) 

Cvelbar et al., 2018 Analysing the texts of 

social media posts to 

find the sequences of 

activities and locations 

 

2.3.3. Information Source: Differentiating visitors and locals  

 The social media user is an important source of information for travel pattern analysis 

(Liu, Wang, & Ye, 2018), therefore, we reviewed the methods developed to filter social media 

users as visitors, and three main types of methods have been identified, shown in Figure 2.2. 

The first category relies on the user profile as a critical input for extracting information to 

identify visitors. For example, in the case of Flickr, user location was obtained to examine 

whether people posted within their countries of residence (Straumann, Çöltekin, & Andrienko, 

2014). Another approach of identifying local users on Flickr relates to self-reported location 

attached to a post, Hamstead et al. (2018) defined that if the reported location was within one 

mile of the New York City boundary, which was the case study's focus, then the user was 

recognised as a local. 

The second category related to the duration of stay at a particular location. For example,  

users were identified as locals if they posted mostly from within Florida's borders between 12 

am, and 6 am (Hasnat & Hasan, 2018, 2018). Yang et al. (2017) believed a visitor’s trip 

length was usually within the same month or at most with two consecutive months. The 

person was deemed to be likely a local if they posted mostly from the same location. Also, a 

similar theory proposes that users are most likely to be visitors if they stayed at one place for 

a limited time, and therefore uploaded more pictures within shorter periods than locals 

(Deeksha, Ashrith, Bansode, & Sowmya Kamath, 2016).  



 

29 

 

A third way of distinguishing visitors from locals was to consider the number of posts in a 

specific area as an indicator of visitation. More specifically, researchers assumed that if  

the number of posts by an individual was higher than the average number of posts for specific 

locations and time of year, photos were considered to be taken by locals (Encalada, Boavida-

Portugal, Ferreira, & Rocha, 2017). A cut-off point of at least ten different geo-tagged posts 

was an indicator in one study (Rashidi, Abbasi, Maghrebi, Hasan, & Waller, 2017).  

It would be necessary to correctly distinguish visitors and locals before further analysis 

because they share a different interest. However, recognising social media users home 

location itself is a complicated computer science research topic (Abbasi, Rashidi, Maghrebi, 

& Waller, 2015).  Although the review identified several methods that attempted to address 

this issue, no proposed method is well recognised neither widely accepted. 

 

Figure 2.2 Three ways to identify if a post originates from a visitor or a local. 



 

30 

 

 Discussion 

The review pertinent to the emerging field of using social media data to analyse 

visitors mobility provides a useful overview and helpful perspectives for future research in 

the field. In the era of social media, data generated from users could provide large scale and 

enrich information for conducting tourism research. This review specifically focused on how 

social media data was harnessed to analyse visitor travel patterns. Figure 2.3 incorporated the 

important information discovered from literature and generated the framework for performing 

research on this topic. The framework provides information that includes the type of social 

media data, information source, research focus, and utilized theories.  

Based on knowledge gained from this review to what extent the attention has been 

given in analysing travel pattern, elements were classified into three main scales: well-

addressed content (shown in Green colour in Figure 2.3), requires more attention (Orange), 

and under researched content (Red). Figure 2.3 shows the inequality of information presented 

in the literature.  

Figure 2.3 Guidance for travel pattern analysis using social media data 
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         It is suggested that identifying suitable social media data type is an essential initial step. 

The review showed that the majority of the literature used geo-location (where) and time of the 

posts (when) data types to identify visitor hotspot (using heatmaps or clustering methods). 

While the text from social media post could be useful, for example, to analyse the co-

occurrence of the destination names to recognise the visitors’ travel patterns (Van der Zee & 

Bertocchi, 2018), however, text as data type has not been analysed sufficiently and requires 

more attention. On the other hand, images were the least utilized data type, but literature 

showed that it is possible to recognise the visitors' travel routes from the content of the pictures,  

(Miah, Vu, Gammack, & McGrath, 2017); therefore utilization of images offer great potential 

for future work due to being completely under-researched area. However, image recognition 

requires higher technology such as deep learning, which could be the main obstacle for 

implementation.  

The second step is to recognise the proper information source before further 

processing social media data. As the main data sources for big data analytics in tourism 

studies, social media also fits in the 4 V’s of big data characteristics (Volume, Velocity, 

Variety, Veracity and Value) (Stantic & Pokorný, 2014). Specifically, Veracity stands for the 

data to be meaningful to the analysed problem. In this literature review, the information 

source is finding different visitor groups. Salas-Olmedo et al. (2018) proved that attractions 

of interest to tourists could be different from residents and other researchers found that the 

travel patterns and routines are distinct between locals and visitors (Van der Zee & Bertocchi, 

2018). Therefore it is necessary to recognise the different groups or create rules to distinguish 

visitors and locals from social media data. The review grouped proposed methods that 

attempted to address this issue into three groups; however, no method is widely accepted and 

therefore, there are grounds for further work. 
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A list of research focus identified in this review could guide future research 

directions. Identifying visitor hotspot and analysing their spatial-temporal behaviour were the 

most popular and well-researched topics, with many technologies available for data analysis 

and visualisation (see Table 2.2). However, identifying itineraries in the multiple destination 

scales and complicated analysis appears to be still in the early stages. Similarly, analysis of 

the factors that influences travel patterns received only moderate attention. Factors like 

destinations' distance (Hardy, Birenboim, & Wells, 2020), or public transportation (Yang 

Yang et al., 2017) could be reasons that influence the travel flows. However, the research 

argued that although visitors take geographical distances into account, visitors' motivations 

and interests play an important role (Asero et al., 2016). Topic related to predicting travel 

routes received limited attention in assessed literature. The reason could be related to the 

complexity and need for a higher level of technologies skills. Therefore, social media could 

contribute and provide means for deeper analysis on how the travel routes were created and 

even due to the availability of posts text offer reasons for selected routes.   

The significant gap detected from the literature is a lack of theoretical frameworks 

when applying social media data on travel patterns as only three theories were discovered, 

Network theory, Core-periphery theory, and Goal theory. However,  works based on other 

data types have more theory applications. For example, the gravity model was applied to 

predict destinations (Marrocu & Paci, 2013). The power-law theory was used in the tourism 

context to explore visitor dispersal (Jin, Cheng, & Xu, 2018; Koo, Lau, & Dwyer, 2017), and 

Anchor-point theory has been applied to explain tourists' spatial behaviour (Kang, Lee, Kim, 

& Park, 2018). Those theories have been proved useful in understanding the spatial and 

temporal movements but they have not been well recognised when drawing on social media 

data. 
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 Conclusion  

There has been increasing attention on using social media data to analyse visitor travel 

patterns; however, it appears that this is a relatively new area as social media data was 

harnessed in only 3.6% of publications in tourism and recreation research (Teles da Mota & 

Pickering, 2020).  

In this review, social media data was considered for assessing visitor travel patterns, 

and three research objectives were identified to complete the review.  For future research 

reference, the key parameters were investigated in this field, and technologies used for 

collecting and analysing social media data are listed. In addition, methods applied to understand 

travel patterns were presented and grouped by the specific research problems solved. Also, 

information sources were examined to distinguish visitors and locals when relying on social 

media data.  

The review also brought to the forefront limitations and gaps in existing work, which 

are suggested as future directions. For example, existing case studies are often city-scale driven, 

whereas multi-country or global research is less advanced. However, a situation like the current 

global pandemic highlights the need for larger-scale research. Whilst using social media data 

to analyse travel patterns is a highly data-driven field, much attention has been given to data 

mining and advanced big data analytical methods, and the theory behind the analysis has not 

been well explored. To increase the value of social media analysis and the geographic 

information embedded in associated data, future research should be both grounded in theory 

and designed in ways that contribute positively to tourism decision making.   
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 Methodology Framework  

 

This chapter introduces the overarching research framework that underpins this 

doctoral thesis. The framework, shown in Figure 3.1, includes a methodology for retrieving, 

storing, analysing, and visualising results from social media data to explore visitor travel 

patterns. The framework consists of five steps, and each step is explained in the following 

sections.  

 

 

Figure 3.1 Big data analytics framework 
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 Data analytics methods 

There were four types of analysis applied in this thesis. Network analysis was used to 

understand visitors’ travel patterns; Sentiment analysis was applied to explore visitor 

opinions; Flow analysis was adopted to visualise travel flows between countries using a 

Sankey diagram, and Importance-Performance analysis was applied to understand visitor 

satisfaction during the trip. In the following subsections, these are discussed in greater detail. 

3.1.1. Network analysis 

A network is a set of nodes and the ties that link nodes (Casanueva et al., 2016). 

Social network analysis examines the character of nodes. Destinations can be closely 

associated with the concept of a network (Asero et al., 2016), therefore when tourists move 

from one destination to another, travel networks can be constructed. Social network analysis 

is a process of investigating social structures through the use of networks and graph theory, 

where a social network is modelled as a set of nodes with ties between associated nodes. The 

centrality of networks is a popular method to study networks' structural properties and 

examine the prominence or influence that actors or elements have over others with their 

position within the network. Chapter 4 applied degree centrality to build travel networks. 

Furthermore, eigenvector centrality was calculated to examine core-periphery travel 

structures within the networks.  An illustrative example of a network is shown in Figure 3.1. 

In a social network, degree centrality counts the number of connections a node has 

with other nodes. When applying social network analysis in analysing visitors travel patterns 

degree centrality represents the number of connections a destination has with other 

destinations. Specifically, in the directed networks (with sequence), degree centrality is 

divided into in-degree and out-degree. In-degree nodes in a network represent incoming 
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nodes, and out-degree are nodes outgoing to other nodes. For example, in Figure 3.2, node A 

has an in-degree of four but no out-degree, while node B has an in-degree of three and an out-

degree of one. In the travel network, the high in-degree of a destination represents a high 

volume of visitors arriving. In contrast, a destination's high out-degree centrality indicates 

that the destination performs better as a gateway (Bindan Zeng, 2018).  

 

Eigenvector centrality measures the centre of a node in a network (Bonacich, 2007). 

Eigenvector centrality not only depends on the high degree of centrality of the node itself but 

also on a high degree of centrality of the nodes they are adjacent to (Baggio, 2020). If a node 

has a high eigenvector centrality, it locates in the centre of the network (Y. Wang, Li, & Lai, 

2018). For example, in Figure 3.2, nodes A,  B, and E have a degree centrality of four, but 

node A has a higher eigenvector centrality because it connects with nodes with high 

connections. Node A, therefore, is located in the centre of the network. Eigenvector centrality 

was applied in this research to identify the core or periphery destinations based on visitor 

travel patterns.   

Figure 3.2 Illustrative example of a network 
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3.1.2. Sentiment analysis 

 A lexicon and sentiment analysis method for the Chinese language was developed to 

analyse Chinese social media posts text. The sentiment calculation process initially required 

segmentation and Jieba (Sun, 2012)  was applied to segment the Chinese language. All 

segmented words were checked with the lexicon, and if associated intensity was found, it was 

added to the sentence sentiment. As longer posts could cause a higher sentiment score, as 

there are more positive words than negative words in the lexicon, the number of segments in 

the posts were counted along with the number of matching segments in the lexicon. An 

adjusted sentiment score was calculated. Details of the algorithm's design for the sentiment 

polarity calculation and building of the comprehensive Chinese language Lexicon are 

presented in Chapter 6. The sentiment analysis is also presented in Chapter 6 and was used 

for performance evaluation of the analysis presented in Chapter 7. 

3.1.3. Flow analysis 

Connections between destinations can be used to represent travel flows between 

destinations. Sankey diagram was applied to display the proportional quantity of connections 

from one destination to another, which was created to visualise travel flows between regions. 

To produce a Sankey diagram, travel itineraries were converted to pairs from one destination 

to another. For example, if five visitors travelled from destination A to B later to C, then the 

pairs of travel flow would be A to B with volume five and B to C with volume five. The flow 

analysis performed in Chapter 5 provided an advanced understanding of global mobility of 

Chinese visitors who visited Australia and other regions, hence delivering a larger-than-

country perspective of visitor flows.  
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3.1.4.  Importance and performance analysis 

Importance-Performance analysis (IPA) is considered an effective approach to 

measure how people feel about an issue (Martilla & James, 1977). Importance and 

performance analysis usually involves three steps. First, a list of items needs to be selected as 

attributes that concerned people. Then, each attribute is rated for importance and performance 

value by participants directly. Lastly, the Importance-Performance chart is plotted on the 

quadrant (importance on the y-axis and performance on the x-axis). The data-centred method 

would employ the mean value of importance and performance, and the intersection of these 

lines form the cross-hair point to separate the four quadrants (I. K. W. Lai & Hitchcock, 

2015). In general, the outcome of IPA can be mapped on four-quadrants, which are 

associated with four meanings (Martilla & James, 1977), shown in Figure 3.3.  

 

 

 

Figure 3.3 A sample of importance and performance analysis matrix 
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In Chapter 7, a new method was proposed that indirectly measured the value of 

importance and performance through social media and performed the Importance-

Performance analysis.  The process consisted of several steps. In the fists step, by following 

the destination framework structure (Buhalis, 2000), initially, six attributes were considered: 

Attractions (nature, artificial built), Accessibility (transportation), Amenities 

(accommodation), Activities (things to do), Available packages (pre-arranged packages), and 

Ancillary services (banks, shops). However, Available packages and Ancillary services were 

not considered, because how visitors travelled (independently or in a group) and their opinion 

about Ancillary services was beyond the intention of this analysis. Secondly, based on the 

Tourism Research Australia (2014) survey on analysing Chinese visitors’ satisfaction, 

additional relevant attributes were added. Eventually, eight attributes of interest were 

identified: Nature, Activities, Wildlife, Food_Drink, Accommodation, Transportation, 

Shopping, and Work_Study. Next task was to assign relevant social media posts to attributes. 

The top 500 most frequent phrases from posts were annotated to the eight identified 

attributes. Ultimately, posts that contained identified phrases were assigned to the attributes.  

Secondly, based on the Weibo posts geo-coordinates, posts were clustered based on 

the first two digits of the postcodes, and seventeen destinations were identified. The third step 

consisted of a sentiment analysis calculation to identify performance based on the method 

proposed in Chapter 6. Finally, the measurement of importance was based on the frequency 

of the attributes at each destination, based on the association rule learning method by 

calculating the adjusted support. 

With the results of importance and performance, a data-centred method was chosen to 

represent Chinese visitor satisfaction while visiting Australia (seventeen destinations) for the 

various identified attributes (Discussed in Chapter 7). 
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 Data Visualization 

Data visualisation was created based on different analysis and by utilising a variety of 

tools. Therefore, a list of tools that responded to different analysis applied in this thesis is 

provided. Gephi was employed to perform and visualise the network analysis. Gephi is an 

open-source software (Gephi, 2009) for network analysis to display large networks in real-

time (Bastian, Heymann, & Jacomy, 2009). It was utilised for degree and eigenvector 

calculation and network visualisation in Chapter 4. In Chapter 5, a Sankey diagram 

(Datavizcatalogue, 2020) was applied to visualise the travel flow between regions. In a 

Sankey diagram, the flow's widths were proportional to the interaction between the 

destinations. The interactive data visualisation software, PowerBI (PowerBI, 2011) and 

(Tableau, 2003), were employed for the different data visualizations. The Tableau was used 

to visualise the results of the importance and performance analysis in Chapter 7, and together 

with PowerBI, they were used to perform other visualisations across other chapters, including 

plotting maps and charts.  

  Identification of a suitable data source 

An important aspect of the quality of analytics is to identify a relevant data source. To 

ensure sufficient data was available for analysis and was relevant to the topic, the Chinese 

social media platform, Weibo, was chosen as a data source for this thesis for the reasons 

listed below: 

• This research relied on case studies related to Chinese visitor travel patterns, 

therefore, Weibo as the most popular Chinese social media platform with over 98% of 

users originating from mainland China (Weibo, 2018) was considered an appropriate 

data source for analysis.  
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• Using Chinese social media overcomes language barriers. A satisfaction survey of 

Chinese visitors in Australia found that 77% of visitors reported they could not speak 

English well (Tourism Research Australia, 2014). Weibo provided sufficient data for 

big data analytics, and the data was appropriate for examining visitors’ travel patterns. 

Weibo has more than 500 million active monthly users (Statista, 2020) and travel is a 

popular topic, with 194 million users sharing travel-related posts in 2018 (Weibo, 

2018).  

 

 Data retrieval and sample size 

Weibo provides an Application Program Interface (API) for data collection (Weibo, 

2012a). In addition, a purpose-built program was used to crawl the Weibo website to provide 

more flexibility in terms of data retrieval as the Weibo API did not provide options to collect 

posts directly by userIDs. Table 3.1 highlights the methods for Weibo data collection, the 

collected data size, and the timeframe of the data collection utilised in different Chapters.  

Two different methods were applied for data collection, namely keyword and userID 

based. The keyword method was applied in Chapter 4 and Chapter 6. In Chapter 4, keywords 

were based on the selection of Australia destination names (in the Chinese language), 

Adelaide, Brisbane, Cairns, Canberra, Darwin, Hobart, Melbourne, Perth, and Sydney, and 

Uluru. The timeframe of the post’s retrieval was 01 January – 31 December 2018. In Chapter 

6, any posts that mentioned ‘The Great Barrier Reef’ in Chinese (大堡礁) were collected in 

2017 (between 01 January – 31 December 2017). However, the disadvantage of using the 

above methods for data collection is that if the tourists did not mention the exact targeted 
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word, the data collection method would not identify the post despite the tourist visiting and 

perhaps even posting from these destinations.  

Therefore, a more appropriate data collection method was designed to advance data 

retrieval. Data retrieved by userIDs were applied in Chapter 5 and Chapter 7, where a list of 

users were followed on their timeline for 90 days from 16 November 2018 to 15 March 2019.   

Table 3.1 Data collection, data size, and timeframe applied in the chapters 

Chapters  Data retrieval method Data size 

number of 

posts 

Data period 

Chapter 4 Web Crawler. Collected posts that 

mentioned and were sent from ten selected 

destinations in Australia  

71,389 01.01,2018 to 

31.12.2018 

Chapter 5  Web Crawler. Collected all posts sent by 

user 45 days before and 45 after the first post 

sent from Sydney in January 2018   

23,220 16.11.2018 to 

15.03.2019 

Chapter 6 Web Crawler. Collected posts that 

mentioned ‘The Great Barrier Reef’ as 

keywords 

3,415 01.01.2017 to 

31.12.2017 

Chapter 7 Web Crawler. Collected all posts sent by 

user 45 days before and 45 after the first post 

sent from Sydney in January 2018 was 

registered.  Retained only post sent from 

within Australia 

17,204 16.11.2018 to 

15.03.2019 
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 Data storing and pre-processing 

Social media generates massive data volume in a complex and high-dimensional form 

that contains many attributes, such as text, the geo-location of the post, and user metadata. 

Data can be noisy or incomplete, with many errors and abbreviations, therefore, data pre-

processing is required. NoSQL (Non-Structure Query Language) databases are suited to store 

and process complex and high-dimensional data (Stantic & Pokorný, 2014) and MongoDB a 

document-oriented NoSQL database can efficiently manage large volumes and varieties of 

data types. Therefore, MongoDB was used for data storage during pre-processing and initial 

text analysis. The more complex analysis required transferring the relevant data to a relational 

database (MySQL), which offered a powerful structured query language (SQL). 

Data pre-processing means cleaning and transforming the data into suitable formats to 

be used for analysis. For the social media data, there were two main steps involved in pre-

processing, the first step was removing hyperlinks and tags (such as #,@) from the text. The 

second step was Tokenisation, which segments text into words or phrases. Punctuation and 

symbols were also discarded during the pre-processing. This type of segmentation is 

straightforward for English text, where white space can separate text, however, for languages 

like Chinese, an additional method is required for tokenisation as it needs a phrase to form 

meaningful words. This work relied on the popular and widely used Jieba segmentation 

method (Junyi, 2012). Jieba can search the maximum probability path and most probable 

combinations based on word frequency, which supports three word-segmentation models 

(accurate mode, full mode, and search engine mode), can process traditional Chinese word 

segmentation, and supports custom dictionaries. 
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 Limitations in the data collection  

There are limitations related to data collection within this thesis. Chapter 5 and 

Chapter 7 initially used Sydney as a keyword to retrieve data and create a list of users posted 

from Sydney and were identified for tracing trajectories. Despite being the most popular 

destination for visitors, it is understood that not all visitors visit Sydney, therefore, those who 

did not include Sydney in their trip would not be captured in the Weibo data.  

Chapter 4 and Chapter 6 relied on specific keywords (destination names) for data 

collection. If the specific destination names were not mentioned in the proposed timeline, 

they might not have been captured in the dataset even if the visitor visited the destination. 

The sample data sets may also contain Australia residents who used Weibo and 

happened to travel to other destinations during the proposed timeline. Although algorithms 

were designed to include only the visitors who went to a minimum of two identified 

destinations during the tourist peak season, it was still possible that the datasets may include 

local residents. 

 

 Ethics in retrieving social media data 

Based on the literature, four key points were identified concerning the privacy of 

users (Epstein & Quinn, 2020; Townsend & Wallace, 2016):  

i) The content should be publicly available,  

ii) informed consent already exists, 

iii) the analysis guarantees anonymity, and  

iv) there is no risk or harm to users.  

In this work, all four points were satisfied. Firstly, Weibo enables public access to 

data via an API (Weibo, 2012a) and allows Weibo pages to be crawled for information. 
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Secondly, within Weibo’s terms of use, it clearly states that “The Content you submit, post, 

or display will be able to be viewed by other users of the Services and through third party 

services and websites” (Weibo, 2012b). Thirdly, this thesis did not directly look or quote any 

posts, nor did it identify or publish Weibo users’ identification. Finally, UserIDs within the 

work were a list of random numbers for database recognition, and the final results were 

represented in an aggregated format only.  

 

 Critical reflection in selected methods  

3.8.1. Understanding visitors’ travel patterns in destination systems 

Tourism destinations are a dynamic and complex system (Baggio, 2020). From a 

human geography point of view, destination scale is an important perspective, and they can 

be considered at a small scale, such as specific attractions, or large scale for travel between 

cities or even countries.  

Researchers have been trying to understand destinations from different angles, such as 

from analysing tourism stakeholders (Scott, Cooper, & Baggio, 2008), destination images (K. 

Lai, 2015),  how visitors react to environmental issues in destinations (Becken, Stantic, Chen, 

Alaei, & Connolly, 2017), or travel patterns  (Jinyan Chen, Stantic, & Becken, 2020; Hwang, 

Gretzel, & Fesenmaier, 2006; H. Liu, Wu, & Li, 2019; Yang Yang, Li, & Li, 2019). When 

different theoretical backgrounds or approaches are applied, destination systems can be 

examined in a multidisciplinary way. For example, by adopting the gravity model of trade, 

Yuan and Medel (2016) analysed travel flows between countries. They modified the relations 

in trade to quantify the interaction between countries based on international travel volumes, 

and they concluded that both distance and the popularity of the destination could affect 

visitation patterns. Destination systems can also be seen as sequential issues where the 
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sequential rule is travel sequence forms travel patterns, such as destination A to B is different 

from destination B to A (Vu et al., 2018b). Vu et al. (2018b) applied sequential rules mining 

to identify strong sequential relations between destinations. Another approach that considered 

the destination system as a sequence issue is the Markov chain model, which explains each 

event's probability and depends only on the state attained from the previous event. Xia, 

Zeephongsekul and Arrowsmith (2009) analysed the trend of events associated with spatio-

temporal patterns.  

Although the destinations system can be seen as multidisciplinary, Baggio (2020) 

argued that network science could be the most powerful approach for investigating 

destinations because a network embodies the geometry of complex systems and can define 

interactions between elements of the system.  

Considering this thesis was conducted based on the foundations of tourism geography, 

we adopted network analysis to map visitors’ travel patterns.  

3.8.2. Limitation in using network analysis to analyse travel patterns 

Network analysis is derived from graph theory, which describes the structure of 

relations between given nodes. When network analysis is applied to destination systems, 

graphs and matrices from the network can demonstrate visitors’ travel patterns among 

destinations (Casanueva, Gallego, & García-Sánchez, 2016). A popular method in network 

analysis is to study the characteristics of a network by finding the position of a node 

(destination) in the network (Shih, 2006). In terms of measuring the node characteristic, 

centrality is a popular method, chapter 4 employes degree centrality to explore the popularity 

of the destinations and eigenvector centrality to identify core-periphery destinations within 

the travel networks.  



 

47 

 

However, there are some critical reflections concerning network analysis. Casanueva et 

al. (2016) pointed out that generating relational data for a large network that contains a vast 

volume of nodes and ties is an inconvenience. Indeed, to obtain the data and form massive 

personal travel itineraries, particularly considering the complexity of unstructured social 

media data, represented a big challenge in this thesis. In chapters 4, and 5,  at first, the 

algorithms were designed to identify destinations, then converted travel patterns among 

destinations to pairs (e.g. A-B, B-C; where A, B, and C are destinations) for modelling the 

travel networks and visualising the travel flow between destinations. However, the network 

analysis did not consider how long visitors stayed at the destinations. Even if visitors just 

drove past or had a connecting flight in a destination, but posted on social media about it, the 

algorithm considered that visitors went to the destination and included them in the network 

analysis. 

Secondly, Borgatti, Brass, and Halgin (2014) mentioned that network analysis was 

criticised as it suffers from lack of content within the network. Indeed, recent studies on 

analysing travel patterns using social media focused on mobility of visitors, such as finding 

hotspots or connections of the destinations (Chua, Servillo, Marcheggiani, & Moere, 2016; 

M. Li, Sharpley, & Gammon, 2019; Mancini, Coghill, & Lusseau, 2018; Salas-Olmedo et al., 

2018; Sharma et al., 2020; Soliman, Soltani, Yin, Padmanabhan, & Wang, 2017; Sonter, 

Watson, Wood, & Ricketts, 2016), while little attention was given to the context within the 

networks. However, the advantage of social media data is that it contains the geo-location 

from where the post was sent (which can help discover travel patterns) and the relevant text 

related to travels. In other words, the travel pattern is associated with informative content that 

reveals insights into the travel experiences themselves. Therefore, this thesis demonstrated 

that it is possible by using social media text to assess visitors’ satisfaction based on their 
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posts. Specifically, in chapter 7,  a new approach was proposed to conduct importance and 

performance analysis to examine visitors' satisfaction of different destinations. The new 

approach relies on indirectly identifying the performance and importance from social media 

text in addition to identifying the related destination from meta-data (i.e. geo-location). 

3.8.3. Limitation of the big data approach  

The big data approach was proposed in this thesis with five steps, including data source, 

network analysis, sentiment analysis, and importance-performance analysis, to assess 

visitors’ satisfaction in identified destinations.  However, the framework has several 

limitations:  

1). The method employed in this research was based on social media data, and this 

means that it is not straight forward to separate visitors from local users. However, to 

minimise the chance that the travel patterns are not from locals, it was proposed that visitors 

should visit a minimum of two or three identified destinations in the proposed timeline (Hao, 

Fu, Hsu, Li, & Chen, 2019; Muñoz, Hausner, Brown, Runge, & Fauchald, 2019).  

2). The current method can not distinguish visitors’ travel patterns who travelled as 

members of a tour group from an individual visitor. For visitors from a tour group, travel 

routes had been already designed by agents; therefore, travel routes do not necessary reflect 

visitor choices. But this does not significantly influence this research since a goal was not to 

try to separate different types of visitors but to consider all visitors on the aggregate level so 

travel patterns can be identified. Future research, for example, with the goal of tailoring 

marketing campaigns, might refine methods to disaggregate different market segments. 

3). Furthermore, the current method can not identify what transportation visitors choose, 

whether they engaged in a self-driving trip or travelled between destinations by aeroplane. 
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Understanding transport choices would be useful, especially given that airline routes or 

networks may well determine travel patterns in addition to individual preferences (Hardy et 

al., 2020; Masiero, Qiu, & Zoltan, 2019; McKercher & Mak, 2008).  

4). The age distribution of social media users is skewed toward the younger population. 

Weibo report showed that 40% of users were between 23-30 of age, 35% of users were aged 

18-22, while only 5% of users were above 41 years old (Weibo, 2018). This means that the 

sample in this research is not representative of all Chinese travellers to Australia, and further 

work would be required to determine potential differences in travel patterns between younger 

and older travellers.  

5). There has been insufficient evidence that social media reflects reality to the extent 

that social media posts provide a full account of what visitors have done, how they felt about 

it and how it affects overall satisfaction. Apart from being a partial account, the methods in 

this thesis, including sentiment analysis and importance-performance analysis, do not 

necessarily show visitors' real feelings. For example, social comparison theory, related to the 

fact that people need to compare with others for self-evaluation (Festinger, 1954), H. Liu et 

al. (2019), mentioned that Millennial visitors showed “social media envy” toward others’ 

positive travel experience on social media.  Moreover, Y. Chen and Li (2018) measured 

tourist happiness via their travel behaviour at the destination and implied that destination 

images and service quality could improve visitors’ satisfaction towards their lives.  To ensure 

the accuracy of the satisfaction assessment obtained from social media, it would be necessary 

to correlate results with other methods. However, in the meantime, analysis of social media 

posts provides insights into how travellers construct their reality concerning their trip, 

focusing on how they wish to be perceived by others.  
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6.) Building on the point above, this research opens up discussions – and the need for 

further research – regarding interesting social science questions, such as: Do people post on 

social media content that creates their 'persona' and a virtual 'self' that is idealised, but not 

necessarily the same as their real self.  If that is the case, does this matter, as the proposed 

method based on social media measures how people want to be seen, and their posts are 

public and can influence others' opinions.  

7).  In addition, the existence of the bulk posting in social media and “fake posts” can 

significantly influence the outcome of the analysis. However, in this work, the algorithms 

were designed to try to filter out those “fake posts”. For example, the post had to be 

generated from the exact destination users mentioned in their posts. Also, the condition that 

visitors must be present at the destinations in the assessed timeline reduced the possibility 

that the post is part of bulk posting or being the “fake post”.  
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Understanding visitors' travel patterns from social media  

 

Abstract 

Understanding visitors' travel patterns is valuable for tourism decision makers who 

can draw insights from the spatial connections between destinations from the consumer 

perspective. Travel patterns have previously attracted attention, whereby analyses mostly 

relied on traditional sources of data. In some situations, these data may lack timeliness and 

coverage. Social media has opened new opportunities for analysing flows and patterns at the 

higher spatial and temporal resolution, and with larger sample sizes. This research takes 

advantage of Chinese use of social media Sina Weibo while travelling in Australia. It adopts 

social network analysis to investigate destination connections based on degree centrality from 

Weibo data. The results reveal that Chinese visitors mostly travel to two core destinations, 

before including periphery destinations. The theoretical contribution is that the length of 

itineraries plays an influential role in the importance and sequence of destinations in the core-

periphery structure. 

Keywords: Travel patterns, Travel follows, Social network analysis, Centrality, Core-

periphery theory, Social media  
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 Introduction 

Management of tourist destinations can be enhanced greatly by understanding the 

mobility patterns of visitors (Buhalis, 2000). One of the biggest challenges for tourism is to 

achieve a balance between the concentration and the dispersal of visitors across destinations. 

What level of distribution is deemed suitable or preferable depends on many different factors, 

for example, availability of infrastructure, transportation networks, and community attitudes 

towards tourism, and is also likely to differ for a range of stakeholders (Becken & Simmons, 

2019). Most governments pursue regional dispersion of visitors' economic impact as a major 

policy goal (World Tourism Organization, 2019). Information on whether and how visitors 

travel between destinations is therefore of great relevance. For example, Australia declared 

attracting visitors to regional destinations as a priority (Tourism Research Australia, 2019a) – 

mainly as a tool for economic development, but also to reduce pressure in existing hot spots. 

This research uses Australia as a case study to gain a better understanding of Chinese travel 

patterns, as well as to further our knowledge of how to use social media data to track 

(potentially evolving) travel networks.  

Before the COVID-19 crisis, China was the top tourist market for Australia. In the 

year ending 2019, a total of 1.3 million Chinese tourists visited Australia, contributing 12.4 

billion dollars to the Australian economy (Tourism Research Australia, 2019b). However, 

due to travel restrictions under COVID-19, Chinese arrivals into Australia decreased by 90% 

in February 2020, compared with the same period last year (Australian Bureau of Statistics, 

2020). The impact on the national economy is substantial (Cheng, 2020), and discussions on 

how best to recover tourism are ongoing (Tourism Australia, 2020a). In particular, the 

Australian and New Zealand governments have been exploring the concept of a 'travel 

bubble' between the two countries. Other countries are being considered as well, including 
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China, although situations in countries of origin can change rapidly (7 NEWS, 2020). 

Regardless of the speed of recovery, it continues to be important to understand where people 

travel once at their destination and what they want to experience, which creates value for re-

organisation and improves the resilience for tourism recovery (A. A. Lew, Cheer, Haywood, 

Brouder, & Salazar, 2020).   

Gaining insights into Chinese visitors' dispersal and travel preferences from the past is 

therefore useful in planning for the return of Chinese visitors. Better information on Chinese 

visitors' travel flows can help the Australian tourism industry to prepare for regrowth in ways 

that meet the needs of both the local communities and the environment (Becken & Simmons, 

2019). 

Research on travel flows draws on government statistics, surveys, blogs, Global 

Positioning Systems (GPS), or other mobile data (c, Chung, & Nam, 2017; Hardy, 

Birenboim, & Wells, 2020; Shoval & Ahas, 2016). Social media and its associated metadata 

provide another new data source that brings several advantages, including flexibility to 

extract, vast volumes and high-resolution data. Earlier research has recognised the power of 

social media as a source of data for analysing tourist mobility. In comparison with GPS data 

from devices, the geo-information contained in social media metadata is less costly and 

contains more information such as text and user profile. Similar to GPS data, social media 

data provide relatively high spatial and temporal resolution, at least in the case of active 

users. Accordingly, interest in using social media to investigate mobility patterns has 

increased amongst researchers (Teles da Mota & Pickering, 2020). 
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In this work we explore Chinese visitors' travel patterns by addressing the following 

research objectives: 

• Assessing the possibility of tracking the travel patterns of Chinese visitors by 

using Weibo posts. 

• Using Australia as a case study to identify the relative importance of selected 

destinations as either gateways or receivers (where visitors arrive). 

• Determine how the length of itineraries can influence core-periphery structures.  

We draw on social media via Chinese Weibo posts and track geographic movements 

to identify typical travel itineraries. Weibo is one of the most popular social media in China, 

with 462 million monthly active users (Weibo, 2018). Posts on Weibo contain rich content, 

such as, text, geo-location, time and unique user ID, which enables tracking visitors' 

behaviour through time and space. The spatial behaviour was then analysed using social 

network analysis. Several measures will be considered to understand further the core-

periphery structures of primary versus other destinations, and how these change for different-

length itineraries. Of interest is whether the role of the same destination could be different in 

the core and periphery position classification, depending on the number of stops in a travel 

itinerary.  
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 Literature review  

4.2.1. Spatial-temporal movements of tourists 

The dispersal of visitors within a country as part of visitor's travel itineraries has 

received significant attention in the literature. The concept of a destination is now firmly 

established, and visitors connect multiple destinations in an itinerary (arguably for some, the 

travel along a route could represent 'the destination'). In the early stages, tourist flows were 

described or modelled as an expression of tourists' spatial activities (Becken, 2004; A. Lew & 

McKercher, 2006; McKercher & Lau, 2008; Mings & Mchugh, 1992; Vu et al., 2018b). 

Oppermann (1995), for example, identified different types of flows, distinguishing single and 

multiple destination patterns, whereby multiple-destination visitors tend to have a wider 

geographic dispersal. Leiper (1989) found the sequence that visitors travel among different 

countries, and Travel flows usually rely on one point. Recently, more sophistic theories 

applied to discover the distribution of visitors. For example, Huang & Wu (2012) using the 

concept of the space-time to analysis tourist spatial-temporal behaviour in the Summer Palace 

in Beijing. They found that tourists were in seven temporal-spatial patterns and the length of 

stay was decreasing with an increase of exit time. Similarly, Birenboim et al. (2013) used 

mobile technology to track the temporal activities of visitors in the park. Interestingly, they 

found that the visitor's movement patterns are stable and possible repeat themselves in 

different situations in the park. García-Palomares, Gutiérrez, and Mínguez (2015) identified 

tourists' hot spots in Europe using data from Panoramio and found that the dispersion of 

visitors has a higher spatial concentration. More recently, Koo, Lau, & Dwyer (2017) found 

that visitation concentrated at famous places, with the number of tourists decreasing with less 

famous regions, representing market-specific power-law exponents. The key finding was that, 
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whilst tourists continue to visit core destinations as volumes grow, there is a need for 

expanding the number of smaller, peripheral destinations to accommodate demand.  

Modelling tourist movements can be complicated due to the large number of 

destinations that tourists can visit (McKercher & Lau, 2008). However, with social media 

gaining attention, new measuring models and indices will be needed (J. Zhang, 2018). 

Furthermore, the rich data sources can help to obtain visitors spatial and temporal behaviour 

with a higher resolution (Sharma et al., 2020). Also, advances in data analytics technology 

(e.g. new databases and methods to handle big data) allows modelling and visualising 

movements with a large number of visitors (Stantic & Pokorný, 2014).  

4.2.2. Social Network Analysis in tourism 

Conceptualising tourism mobility as a network (Asero et al., 2016; Baggio, Scott, & 

Cooper, 2010) has led researchers to apply social network analysis for analysing travel flows 

(Casanueva et al., 2016; Scott et al., 2008). Social Network Analysis (SNA) consists of a set 

of nodes and the ties which link these nodes, and in a travel network, destinations (i.e. places 

visited) are described as nodes and the movement among the destinations can be recognised 

as travel flows (Casanueva et al., 2016).  

For example, a recent study on international travel in Shanghai used Flickr data to 

identify that the majority of tourists are concentrated around the area of interest in the city 

centre, with areas of interest (nodes) and tourist routes (edges) containing power-law features 

(Mou et al., 2020). Also, social network analysis was conducted to identify the spatial 

structure of the tourist attraction system in Seoul (Kang et al., 2018). By investigating the 

dispersal of international visitors in Australia. Gao et al. (2019) investigated the intercity 

travel flows in China by complex network analysis. They detected four main destination 
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communities based on visitors travel networks and visitors prefer to travel within one 

community than between communities, especially, tourists from similar cities prefer a similar 

choice on destinations.  

When applying social network analysis, centrality is an important measurement. For 

example, analysing visitors' spatial distribution in China, degree, closeness, and betweenness 

centrality of destinations are calculated to identify the most popular locations (Peng, Zhang, 

Liu, Lu, & Yang, 2016). By extracting 232 travel locations and calculating different types of 

centralities, Zeng (2018) was able to analyse Chinese tourists' travel structure in Japan. Both 

papers indicate that travel flows move from most famous destinations or gateways to less 

popular regions in more remote areas. Similarly, researchers used social network analysis to 

examine tourist flows in Beijing during the Olympic games, finding that international tourists 

preferred famous traditional attractions and focused their activity in the central area of 

Beijing (X. Leung et al., 2012). Also, Liu, Huang, & Fu (2017) explore the mechanisms of 

different attractions within a destination using social network analysis. Building on earlier 

research, this paper draws on core-periphery theory and social network analysis to explain the 

travel structure of Chinese visitors' movements in Australia.    

4.2.3. Core-Periphery theory in tourism  

Friedman was the first to raise the concept of core-periphery when he analysed the 

development of Venezuela (Friedmann, 1966). Friedman believed that countries are made up 

of core and periphery regions. A core region could be a city or a cluster of locations near the 

city with developed industries, fast-growing economies, and high population density. Regions 

in the periphery would have limited development and population. The core-periphery theory 

therefore offers a framework that helps understand the relationship between destinations, and 
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why some are bigger or more connected than others (Lai & Li, 2012). Core-periphery 

characterised inequalities and uneven power among the destinations (Liao & Wei, 2012; 

Saarinen, Rogerson, & Hall, 2017; Wei, Wu, Liao, & Zhang, 2020). Some travel networks 

have one core, whereas others are described as cores surrounded by their peripheries 

(Borgatti & Everett, 1999), or extended the single-core structure to include their semi-core 

and semi-periphery (Lee, 2010). Earlier, the core-periphery theory was applied to understand 

the movement of visitors (Diagne, 2004; Fennell, 1996; Seguí-Llinás & Capellà-Cervera, 

2006). Recently, applications of core-periphery to understand network structure is gaining 

attention. For example, the core-periphery theory has been applied broadly in understanding 

the destination images using different types of centrality as human cognition (K. Lai, 2016; 

K. Lai & Li, 2012; Yuan Wang, Li, & Lai, 2018).  

 Literature demonstrates that it is possible to build travel networks through geo-

located social media posts and assess the network structure, however, whether a destination's 

role change in core-periphery because of different lengths of itineraries has not been 

examined. There is little insight into whether the same destination could play either a core or 

periphery role depending on the itinerary (Asero et al. 2016). This paper provides a 

methodology and theoretical contributions by seeking to address these gaps in how the length 

of itineraries influences destinations' role in the core-periphery structure.     

  Methods 

4.3.1.  Definitions of degree and eigenvector centrality 

Several metrics are commonly used to describe the structure of a network. Degree 

centrality counts the number of connections a node has with other nodes. In the context of 

this paper, this represents the connections a destination has with other destinations in a 



 

60 

 

particular travel network. Specifically, in the directed networks (with sequence), degree 

centrality is divided into in-degree and out-degree. In-degree centrality stands for the number 

of links that are incoming relative to a particular node, whereas out-degree centrality 

describes outgoing links from a node to other nodes. In the travel network, high in-degree of 

a destination stands for a high volume of tourists arriving, while the high out-degree 

centrality of a destination indicates it might act as a gateway destination (Bindan Zeng, 

2018).   

However, to identify whether a destination is in a core or periphery position, the 

measure of degree centrality alone is not enough. Borgatti et al. (1999) argued that a node 

might have a high degree centrality by being strongly connected to different regions of the 

graph but not have connections to each other. Wang, Li and Lai (2018) confirmed that degree 

centrality does not reveal ties throughout the entire network. Contrarily, eigenvector 

centrality identifies a core, not only based on the high degree centrality of the node itself but 

also the high degree centrality of the nodes they are adjacent with (Baggio, 2020).  

Table 4.1 provides definitions for degree and eigenvector centrality concerning their 

roles in the network. Example structures with high centrality are highlighted in red. Both 

node A and node B have high degree centrality (N=3). However, node B has a higher 

eigenvector centrality, as node B has not only high degree centrality but also connects other 

nodes that have high degree centralities. 
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Table 4.1 Comparison between degree and eigenvector centrality 

Centrality Definition 

 

Role in travel 

network assuming 

a high value 

 

Sample node with high centrality (red) 

(Riddell, Brown, Kovic, & Jauregui, 2017) 

Degree 

centrality 

 

Number of 

connections that 

one node has 

The destination has 

a large number of 

connections with 

other destinations 

  

Eigenvector 

centrality 

Importance of a 

node if the node 

is connected with 

other high degree 

centrality nodes 

Destinations are 

more central if 

destinations they 

are adjacent with 

have high degree 

centrality  

 

 

4.3.2. The framework to retrieve data from social media 

Data were obtained from the public Chinese social media Sina Weibo. However, 

using social media posts in Chinese might circumvent some of the sampling challenges and 

language barriers associated with traditional surveys. Extracting and analysing social media 

metadata will help address the first research objectives to assess the value of this data source 

in tracking and interrogating travel patterns. 
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The volume of Weibo posts made in Australia by Chinese travellers is large, and it is 

important to filter out those posts that relate to travel to specific locations of interest. For this 

reason, a selection of destinations had to be determined. At first, the names of eight capital 

cities of Australian states and territories were considered. In addition, the literature 

emphasised that Uluru (Ayers Rock) has a high reputation amongst Chinese (Pan & Laws, 

2003), and Cairns is seen as the gateway to the Great Barrier Reef (Cai, Hio, Bermingham, 

Lee, & Lee, 2014). The importance of these two destinations to Chinese tourists is also 

reflected in work presented by Tourism Australia (2020b). Eventually, ten Australian 

destinations were identified for data collection: Adelaide, Brisbane, Cairns, Canberra, 

Darwin, Hobart, Melbourne, Perth, Sydney, and Uluru.  

In order to analyse travel patterns, geotagged posts sent from specific locations are 

required, a purpose-built web crawler was developed in Python programming language to 

crawl and retrieve relevant Weibo data. The timeframe was defined to include posts from 

January 2018 to the end of December 2018 to cover the whole calendar year since different 

seasons attract a different number of visitors. Data from 2018 appeared to be the most 

suitable because Chinese visitors' number was major impacted by the bushfires in Australia, 

2019 and COVID-19 in 2020 (Tourism Research Australia, 2019c). Figure 4.1 Data 

collection and data extraction stepsshows the data collection framework and how relevant 

data were extracted. The first step was to retrieve posts that mentioned the ten destinations in 

Chinese language. Secondly, to ensure that visitors posted from the mentioned destination, 

only geotagged posts with longitude and latitude were kept. Then, a bounding box of 

destinations was found from Map (Latlong, 2019) and only those geotagged posts that 

matched the bounding box were included.  
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Table 4.2 presents the number of posts in different stages of data cleaning. There are 602,122 

posts at step 1 that collected data by the ten selected destination names, and 74,421 posts are 

kept with geotagged posts at step 2. After matching the geotagged posts with the bounding 

box of the destinations, more than 60% of geotagged data satisfy the requirement for step 3 

(50,484 posts).  

Figure 4.1 Data collection and data extraction steps 
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Table 4.2  Number of posts in different stages of data collection 

 

4.3.3.  Centrality calculation for selected destinations  

Both degree and eigenvector centrality of each destination were calculated in Gephi; a 

specialised software for network analysis. The degree centrality was further separated into in-

degree and out-degree centrality to analyse the different destination connections. Then a 

network was created to examine the direct connections between destinations based on degree 

Destination Step 1  

collected 

posts by 

keywords  

Step 2  

extracted 

geotagged posts 

Step 3  

matched geotagged posts 

with destinations' bounding 

box 

Adelaide 22,416 2,144 1,208 

Brisbane 44665 5388 3,913 

Cairns 25,205 3,414 1,883 

Canberra 16,128 1616 950 

Darwin 55,474 2380 286 

Hobart 4877 1151 865 

Melbourne 180,602 26,241 18,944 

Perth 17559 2475 1380 

Sydney 232,449 29,147 20,881 

Uluru 2747 465 174 

Total 

 

602,122 74,421 50,484 
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centrality. The travel itineraries were converted into links whereby two destinations had to be 

directly connected. 

The method to identify core-periphery structures followed the process described in the 

literature (K. Lai & Li, 2012; Yuan Wang et al., 2018). Taking the dominant eigenvector 

centrality as core destinations, we calculated the mean of the rest of the eigenvector centrality 

to determine if the destination had an eigenvector centrality higher than the mean. If it did, it 

was classified as a semi-core destination; otherwise, it was deemed a periphery destination. 

However, in response to the last research objective regarding the influence of the travel 

itinerary on a destination's role as core or periphery in travel networks, the eigenvector 

centrality was also calculated separately for the different numbers of destinations.  

 Results 

4.4.1.  Chinese visitors' travel networks in Australia 

The analysis confirms that some destinations in Australia are more connected than 

others, and this is not surprising given that connectedness is not only a representation of what 

places are popular but also where transport routes take travellers. Sydney, for example, hosts 

Australia's busiest airport and as a result, it is the destination that maintains most connections 

with any of the other selected destinations. The degree centrality results presented in Table 

4.3 differentiate in and out-degree centrality, as these measures indicate a destination's 

gathering versus gateway ability. Whilst all destinations shown in Table 4.3 Degree centrality 

of the selected destinations within Australiaare popular with Chinese visitors, the identified 

number of connections makes it possible to refer to Sydney and Melbourne as core 

destinations. Brisbane, Cairns, Canberra, Hobart, and Adelaide are of secondary importance, 

whereas Perth, Uluru and Darwin might be considered peripheral destinations for Chinese 
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visitors. Cairns is the only non-capital city that plays a relatively more important role in 

Chinese itineraries, whereas Perth is the only capital city that appears in the periphery.  

Table 4.3 Degree centrality of the selected destinations within Australia 

 

In Table 4.3 Degree centrality of the selected destinations within Australia, the value 

for degree centrality reflects the number of times Chinese visitors travelled among the 

selected destinations. For Sydney, out-degree is higher (1,311) than in-degree (1,218), which 

means that some Chinese visitors did not arrive in Sydney from selected Australian 

destinations and had a higher likelihood to depart from Sydney. Melbourne has slightly lower 

connections than Sydney, but Melbourne displays slightly higher in-degree (1,142) than out-

degree (1,112) centrality. Other destinations display similar in and out-degree centrality apart 

of Hobart, which has the biggest gap between in and out-degree centrality.  

Destinations 
In-degree from selected 

destinations 

Out-degree to selected 

destinations   

Degree centrality 

total 

 
Sydney 1,218 1,311 2,529 

Melbourne 1,142 1,112 2,254 

Brisbane  392 388 780 

Cairns  365 366 731 

Canberra  182 182 364 

Hobart  188 144 332 

Adelaide  158 152 310 

Perth   99 93 192 

Uluru   47 43 90 

Darwin   25 25 50 
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Table 4.3 shows the overall number of connections among selected destinations, 

while in Figure 4.2, the travel network between individual destinations is built based on the 

number of direct connections. The popularity of destinations is reflected by the size of the 

node based on total centrality, while the thickness of the line between destinations shows the 

frequency of direct connections. All destinations were found to have a direct connection with 

each other except Perth and Darwin, which indicates that Chinese visitors do not travel 

between these two destinations directly despite there being direct flights. Not surprisingly, 

Sydney and Melbourne have the strongest connection with each other. Cairns, Brisbane, 

Adelaide, Hobart and Perth also show strong connections with Sydney and Melbourne, but 

not as strong amongst each other, apart from the connection between Cairns and Brisbane.   

Figure 4.2 Visualisation of the travel networks  
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4.4.2. Different length itineraries 

Itineraries were grouped based on the number of destinations visited, and then the 

length of the itinerary will be used to identify the importance of the destination. Additionally, 

the unique combinations of destinations are also identified based on the travel itineraries. 

Figure 4.3 hows that most Chinese visitors in this research were found to travel to two 

different destinations (group 2, with 1,852 travellers). Within this group 2, there were 75 

unique itineraries. This number increased to 134 unique travel itineraries in group 3 

(travelling to three different destinations), although the number of visitors reduced to 585. 

When the number of destinations reaches six or more, every visitor has their own unique 

travel itinerary 

 

Figure 4.3 Number of visitors and the number of itineraries in each group 
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4.4.3. Advancing the understanding of core and periphery structures  

To further refine the assessment of core-periphery structures within Chinese travel 

flows, the eigenvector centrality is derived for each destination. This analysis was undertaken 

for six itinerary groups (group 2, 3, 4, 5, and 6), whereby travel to more than six destinations 

will be combined into group 6. Table 4.4 presents the findings and categorisation of 

destinations as core (C), semi-core (S), or periphery (P) based on the eigenvector centrality. 

As previously, Sydney and Melbourne display the strongest connections with other 

destinations, confirming their role as core (C) destinations. These two capital cities remain 

core across all groups. Within group 2, Brisbane and Cairns emerged as having the same 

eigenvector centrality as Sydney and Melbourne, meaning they were core destinations in a 

two-destination itinerary. To identify semi-core and periphery destinations the mean value of 

eigenvector centralities for destinations that are not assigned as core destinations was 

calculated. If the eigenvector centrality of the destination is higher than the mean value it is 

assigned as semi-core (S); otherwise, it is referred to as periphery (P).  

Cairns shows a different status depending on group number, for example, it is 

considered as core (C) in group 2; however, it dropped to (P) in group 3 and further alternates 

between (P) and (S) with an increasing number of destinations. Hobart and Adelaide always 

appear as semi-core (S) regardless of destination numbers. The same stable position holds for 

Perth and Darwin, which are always periphery. Interestingly, there are no travel records 

found for Darwin for group 5. However, Uluru moved from periphery to semi-core in group 

5, which indicates that when visitors travel to five destinations, Uluru becomes a relatively 

more popular destination. 
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Table 4.4 Identifying core-periphery destinations based on eigenvector centrality in each 

group 

 

After identifying the core and periphery destinations depending on the length of 

itineraries, the structure of the travel network was analysed further. The ten original 

destinations are expressed as either C, S, or P to enable a condensed presentation of the core-

periphery structure across the itinerary groups. Table 4.5 compiles the top 5 most frequent 

travelled core-periphery structures for the different number of locations visited. Itineraries 

with more than six destinations are not considered because of small sample sizes. 

Destinations 
group 2 group 3 group 4 group 5 group 6   > Six 

SYDNEY 
1 C 1 C 0.947 C 0.835 C 0.978 C 1 C 

MELBOURNE 
1 C 0.949 C 1 C 1 C 1 C 0.969 C 

BRISBANE 
1 C 0.949 C 0.855 S 0.733 S 0.552 S 0.712 S 

CAIRNS 
1 C 0.535 P 0.812 S 0.517 P 0.568 S 0.368 P 

HOBART 
0.844 S 0.859 S 0.947 S 0.604 S 0.461 S 0.750 S 

CANBERRA 
0.916 S 0.741 S 0.541 P 0.639 S 0.461 S 0.618 S 

ADELAIDE 
0.844 S 0.903 S 0.792 S 0.648 S 0.800 S 0.788 S 

PERTH 
0.747 P 0.695 P 0.636 P 0.332 P 0.334 P 0.180 P 

DARWIN 
0.628 P 0.385 P 0.398 P   X   0.128 P 0.390 P 

ULURU 
0.725 p 0.674 P 0.700 P 0.648 S 0.356 P 0.408 P 
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These travel structures confirm that Chinese visitors focus on core destinations, and to 

a smaller extent on semi-core. It is not until the number of five destinations in an itinerary 

that a periphery destination forms part of the pattern (C - P - C - S - C) with close to 10% of 

trips. Most visitors in the sample travelled between two (C - C) with 71.80% in group 2, or 

three core destinations (C - C – C with 37.09% of visitors in group 3). In group 4, the 

dominant travel structure is from a core to another core then followed by semi-core and end 

with a core destination (C – C – S – C), which is slightly more popular than the structure with 

all core destination (C – C – C – C). The semi-core destinations in group 6 are also important 

in the travel structures, where visitors share the same percentage (8.33%) with the top three 

core-periphery structures (C - S - C - S - C – S; C - S - C - C - S – C; S - C - S - C - S - S). 

Table 4.5 Top 5 Core-periphery structure of travel networks  

 

 

Group 2    group 3 group 4 group 5 group 6 

Structure % Structure % Structure % Structure % Structure % 

C - C 71.80 C - C - C 37.09 C - C - S - 

C 

12.08 C - C - C - 

C - C 

9.76 C - S - C - S 

- C - S 

8.33 

C – S 10.96 C - S - C 17.26 C - C - C - 

C 

10.74 C - P - C - 

S - C 

9.76 C - S - C - C 

- S - C 

8.33 

S – C 9.17 C - P - C 17.09 C - S - S - 

C 

10.07 C - C - C - 

S - C 

7.32 S - C - S - C 

- S - S 

8.33 

C - P  3.40 P - C - C 6.50 C - S - C - 

C 

9.40 C - C - S - 

P - C 

7.32 C - S - S - C 

- S - C 

4.17 

P - C 3.34 C - C - P 5.64 C - C - S - 

S 

4.70 C - S - C - 

S - C 

4.88 S - P - C - S 

- P - C 

4.17 
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 Discussion 

4.5.1. Why use Weibo to trace visitor travel patterns 

The mobility and spatial dispersal of visitors are of utmost relevance to all facets of 

tourism decision making. Understanding spatial patterns is even more important for key, 

large, and fast-growing markets, such as Chinese visitors (Wang, Kirillova, & Lehto, 2019). 

For this reason, national tourism boards such as Tourism Research Australia have long been 

interested in collecting information about popular destinations amongst Chinese visitors. In 

the past, data was collected by surveys or maybe focus groups; however, both approaches 

suffer serious limitations in terms of sample sizes, cost, and the time lag between data 

collection and analysis. Responding to changes in popularity or visitation due to other factors 

(e.g. travel restrictions such as those imposed during the Covid-19 crisis) is therefore 

hampered and sub-optimal. In contrast, social media have emerged as a new source of data 

offering higher volume and flexibility in incoming data (in real-time), and allowing faster and 

more targeted decision-making.  

This research has demonstrated that it is possible to draw on Weibo posts to gain 

insights into where Chinese Travel. Australia served as a suitable case study that offered a 

sufficiently large sample of Weibo users. The process of retrieving data requires some 

technological capability and capacity; however, once set up, it presents a cost-effective 

vehicle for generating insights. The case study presented in this paper provides robust 

evidence that it is possible to track the travel patterns of Chinese visitors by using Weibo 

posts. Samples could be extended by including more destinations or longer time frames, and 

this would be particularly useful to examine the impacts of multiple crises, including the 

Australian bushfires and the global coronavirus pandemic.  
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4.5.2. Identifying popular destination from visitors' point of view  

To identify the relative importance of selected cities as either gateways or receivers, 

in- and out-degree centrality have been calculated. For example, Sydney and Melbourne have 

a high total number of in-degree centrality, but they act differently, either receiving Chinese 

visitors or as a gateway destination. Sydney has a higher out-degree than in-degree centrality, 

which indicates that some Chinese visitors arrived from unselected selected Australian 

destinations (or arrived from overseas) and prefer to continue their trips after visiting Sydney 

instead of considering Sydney as the last destination in Australia before departing overseas. 

On the other hand, Melbourne displays a higher in-degree than out-degree centrality, which 

suggests that some visitors do not continue their trips to any of the other selected destinations 

in Australia and possibly use Melbourne as a gateway for overseas departures. 

On their website, Tourism Australia makes recommendations for various road trips 

within Australia, often focusing on particular themes (e.g. coastal or Australian Aboriginal 

experience) (Tourism Australia, 2020c), but those recommendations are limited and not 

specifically targeted at Chinese travelers. It is unknown how well these suggestions fit into 

existing travel patterns within, or even beyond Australia as Chinese travellers put together 

increasingly complex itineraries. This research could help Tourism Australia to compose 

travel programs that are evidence-based (i.e. reflecting Chinese consumer perspectives) and 

cover a range of different destinations. For example, Figure 4.3 found that most Chinese 

visitors travelled to two different places within ten selected destinations in Australia, but they 

displayed unique itineraries when they travelled to three destinations. Understanding such 

patterns, and maybe what drives them in terms of travel motivations, is important for airline 

schedule development, but also for those in the industry who put together packages for 

Chinese tourists. To truly elicit whether the current patterns reflect preferences – rather than 
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transport or tour group schedules – it would be important to complement the spatial analysis 

presented in this research with further analysis of visitor experiences and satisfaction. The 

content of Weibo posts (e.g. sentiment, topics, 'likes') could serve as a suitable data source, 

but other more traditional research methods could work as well.  

4.5.3. How the length of itinerary influences the core-periphery structure  

This research identified core, semi-core, and periphery destinations based on 

eigenvector centrality to determine if the length of itinerary influences core-periphery 

structures. Sydney and Melbourne emerged consistently as core destinations, which is in line 

with the earlier conclusion that Chinese visitors are concentrated in the cities of Sydney, 

Melbourne, and Brisbane (Tourism Research Australia, 2019b). Importantly, the research 

revealed that some destinations change their role in the network with the increasing length of 

itinerary. Brisbane, for example, was no longer a core destination in patterns that included 

more than three stops. The longer the itinerary, the less important was Brisbane. Cairns as the 

main gateway to the Great Barrier Reef was another interesting destination whose role 

seemed to fluctuate in importance. Whilst never a core destination, it did change status 

between semi-core and periphery depending on the number of destinations. 

Further analysis could explore whether such patterns are further influenced by 

seasonal variations (Tourism Australia, 2016). Finally, the results show that Hobart and 

Adelaide are stable as semi-core most likely due to the closeness and strong connections with 

Sydney and Melbourne, which is important for the positioning of these destinations with 

Chinese visitors as well as the maintenance of good access to the two core cities. On the other 

hand, Perth and Darwin were always peripheral destinations, even within the longer 

itineraries, which might reflect lower popularity with Chinese visitors, but also lack of access 
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and the 'tyranny' of distance. The findings of the connections between destinations could help 

Tourism Australia to find popular combinations of destination that interest tourists.  

The sequence of core-periphery destinations in itineraries is interesting, especially 

when trying to elicit potential for regional development. Whilst restricted to ten destinations 

in this analysis, the method of using eigenvalues to understand other structures could be 

extended to include more regional destinations. The results to date show that most of the 

Chinese visitors started their trip with a core destination (typically this would relate to 

international airports), followed by Travel between other core and semi-core destinations. 

Notwithstanding, there are still a considerable number of Chinese visitors that started their 

trips from peripheral destinations (indicating that these might be Chinese living in Australia), 

and many included periphery destinations in their itineraries. This information, in particular, 

gives confidence to the Australian tourism industry that it is possible to attract Chinese 

visitors to regional destinations. To achieve this, and to build on Friedmann's core-periphery 

theory, the development of the periphery does depend on thriving core sectors – or 

destinations in the context of this research.  

Many factors influence travel patterns, such as distance (McKercher & Lew, 2003), 

emotional–cultural, time–geographic, and cognitive dimensions in destination-specific 

variables (Grinberger & Shoval, 2019). Recent research mentioned that long-term and close 

cooperation between public transportation and tourism companies (tour operator, railway 

company, and hotels) have influenced how the trips can be organised (e.g. chained hotel, car 

rental) (Thao, von Arx, & Frölicher, 2020). So, investigating the relationship of Chinese 

visitors' travel patterns with public transports in Australia could also provide some insights. 

Also, agent-based travel patterns can be analysed in the future to see whether data mining 

from Weibo shows a similar pattern (S. Li, Yang, Zhong, & Tang, 2020).  
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4.5.4.  Limitations of the study 

There are several limitations inherent in the methodology. In terms of population, 

Weibo users in this sample include all people actively using the social media platform in 

Australia. The data does not allow for differentiation of Chinese visitors or Chinese who live 

in Australia, or even any other nationalities using Weibo for their communication. However, 

as we searched for keywords in Chinese language, it is expected that people with a Chinese 

background send the posts and as according to a Weibo report, there are only 2~3% of users 

from Hong Kong, Macao or overseas, this gives confidence that the majority of posts we 

collected are users from mainland China. Weibo users are abundant, with 376 million 

monthly active users (Weibo, 2017). The fact that we extracted users who travelled at least 

within two selected destinations indicates that the users within our sample represented' 

travelling population', either internationally or domestically. Future research could further 

examine sub-groups within the sample of Weibo users, but this would require collecting posts 

during longer periods to identify the likely location of 'home'.  

Another limitation is that users may not have posted from all places, or they did not 

mention the place whilst they were there. So, the patterns we capture might be incomplete 

and only indicative. This omission could be biased towards destinations that are perceived to 

be less important or where people stayed shorter. Another limitation is that the study is 

restricted to ten destinations. Future research could be more comprehensive by including a 

wider set of regional destinations to investigate the travel network among getaways and 

regional destinations in Australia. 
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  Conclusions 

This work demonstrates the applicability of core-periphery theory on examining travel 

patterns and adopting social network analysis to investigate the connection of destinations 

from the visitors' point of view. Specifically, we analysed the travel networks of Chinese 

visitors in Australia among the selected ten destinations using data from the Chinese social 

media Sina Weibo. By harnessing social network analysis and core-periphery theory, it 

investigated Chinese visitors' travel patterns in Australia.  

Examination of the core-periphery structures, from all numbers of destination groups, 

shows that core destinations have always dominated the core-periphery structures. However, 

with the different number of destinations in the travel itineraries, the position of core, semi-

core, and periphery nature of the destination changed. Nevertheless, results also show that 

some destinations have a stable position regardless of the number of destinations in 

itineraries, such as Hobart and Adelaide that are always in the semi-core while Perth and 

Darwin always have periphery status.  

Whether Chinese visitors continue the similar travel structure or not after COVID-19 

is unknown, but according to recent findings of a survey about the attitude of Chinese tourists 

towards to travel, the top two motivations are related to close to nature and release of stress, 

especially, holidays associated with beaches or islands are ranked first as the destination of 

choice (Bao & Jin, 2020). Australia is famous for its beautiful landscapes and rich natural 

resources, so after the pandemic, there could be a chance for Australia to attract back Chinese 

visitors, especially to regional destinations that share unique natural environments and are 

less crowded. Although China was the top tourist market for Australia, Australia is not yet 

featured in the top ten international destinations for Chinese tourists (China Tourism 

Academy, 2014). Understanding the connections among the destinations from a visitor's point 
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of view before the pandemic could provide valuable information for tourism stakeholders to 

better organise destination management, recommendation on destinations and destination 

marketing. 
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       Using Weibo to track global mobility of Chinese visitors 

 Introduction 

Global tourist mobility has come under increased scrutiny due to the current COVID-

19 pandemic. Tourists, who have been heralded as vectors of economic development, have 

now become the transmitters that governments are seeking to prevent from entering their 

national borders (Yang Yang, Zhang, & Chen, 2020). The analysis of global mobility patterns 

has, therefore, never been more pertinent. Even before the coronavirus crisis, countries have 

shown some interest in the broader mobility patterns of travellers, including for reasons of 

resources (Becken, 2002; Leiper, 1989; A. Lew & McKercher, 2006), border security, visa 

policies, and economic alliances (Pham, Phi, Becken, Jin, & Su, 2018).  

One of the most important markets globally is China, with over 160 million Chinese 

outbound visitors for 2019 (China Tourism Academy, 2019). Many destinations around the 

world are carefully following developments in Chinese travel activity, including Australia 

where China has grown to be the key inbound market with 1.3 million arrivals and $12.3 

billion expenditure in 2019 (Tourism Research Australia, 2019b). Understanding how one 

particular destination (in this case, Australia) fits into the broader travel pattern might hold 

important clues for future positioning. This analysis provides insights into the mobility of 

Chinese travellers who select Australia as one of their destinations.  

Applying a big data approach to global mobility presents a new way of analysing 

tourist travel. Previous analyses focused, for example, on visitation dispersal at a destination 

(Koo et al., 2017), or used stop-over information to track global travel to one country of 

interest (e.g. Becken, 2002 on aviation energy use). Typically these studies relied on 

relatively coarse survey data or spatially constrained digital data (Shoval & Isaacson, 2007). 
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Being able to track global mobility patterns at a high resolution opens up new opportunities 

for understanding and managing tourist mobility.   

 Data collection and framework for analysis 

This research draws on social media that have emerged as a new and potent source of 

data in tourism, including for analyses of the spatial or temporal distribution of travellers (e.g. 

Teles da Mota & Pickering, 2020). Social media data display key characteristics of big data, 

namely high volume, velocity and variety of formats (Stantic & Pokorný, 2014). The rapid 

development of computer and data science has enabled advanced big data analytics to collect, 

store, analyse and visualise social media data.  

Weibo is one of the most important Chinese social media platforms, with 462 million 

monthly active users (Weibo, 2018), 98% of whom are from mainland China (Weibo, 2017). 

Weibo provides a public Application Programming Interface (API) that enables the extraction 

of posts (Weibo, 2012a). Due to the unstructured nature of social media data, for this project 

Weibo posts were initially stored in a NoSQL (Non-Structure Query Language) MongoDB 

database, from where they were filtered and cleaned, and transferred to a relational MySQL 

database for further analysis. Figure 5.1 shows the big data framework, technologies and 

processes applied in this work. 
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      Existing tourism statistics on Chinese visitors to Australia identify Sydney as the 

most popular destination with peak visitation from January to March (Tourism Research 

Australia, 2019). Therefore, the data collection began by extracting posts made by Weibo 

users in January 2019 that mentioned “Sydney” in the Chinese language (悉尼), which was 

important to ensure that Weibo users were likely to be of Chinese origin. Secondly, to 

identify posts that not only referred to Sydney but were also sent from there, the posts’ geo-

coordinates were compared with the bounding box of the Sydney area. Finally, a list of 

unique userIDs (N= 1,275) was created to collect posts sent 45 days before and 45 days after 

their first post from Sydney. This timeframe was based on information obtained from 

Tourism Research Australia (2019) who reported that the segment of free and independent 

Chinese visitors stays an average of 45 nights. So the final data set must meet two criteria: 

Figure 5.1 Big data framework and process 
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Firstly, a user must have posts from another region besides Australia. Secondly, these posts 

must be made within 45 days before or 45 days after a user posted from Sydney. In total, 

23,210 posts with identifiable geo-coordinates were identified from 1,263 users. Several users 

did not post further messages during this period, so they are omitted from the dataset. Figure 

5.2 shows the data sampling framework.  

The final sample may contain Weibo users who reside in Australia but travelled to 

another country/region during the assessed timeframe. Future research could further 

differentiate these populations in the sample.      

 

        Figure 5.2 Sampling frame 
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Researchers who draw on social media data have to respect user privacy (Kozinets, 

2019), but ethical issues remain. To date, there is no clear ethical framework, although four 

key points have been identified concerning the privacy of users (Epstein & Quinn, 2020; 

Townsend & Wallace, 2016). It is proposed that data can be utilised ethically, if: i) the 

content is publicly available, ii) informed consent exists, iii) analysis guarantees anonymity, 

and iv) there is no risk of harm. In this work, all four points have been satisfied. Firstly, the 

content in Weibo is publicly available via an API (Weibo, 2012a). Secondly, Weibo’s terms 

of use state: “The Content you submit, post, or display will be able to be viewed by other 

users of the Services and through third party services and websites” (Weibo, 2012b). 

Thirdly, this work does not quote any content, nor does it identify or publish the name of the 

user. The userID generated a random number, and final results are represented in aggregated 

format only. Additionally, this research does not include any sensitive content.  

 Data modelling and findings 

The analysis provides an advanced understanding of the mobility of Chinese travellers 

who visited Australia as well as other countries, hence delivering a larger-than-country 

perspective on visitors flows.  
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Figure 5.3 Distributions of Chinese visitors from Sydney to other regions, clustered 

based on the frequency of geo-coordinates of posts.shows travel to other world regions 

represented by dot size relative to frequency and grouped into countries or regions based on 

the geo-locations of posts (if the sample was large enough). Thirteen clusters of 

countries/regions emerged. The large volume posts from China is not surprising, given that 

travellers to Australia are likely to either have left from China or are returning to China after 

their visit.  

 

 

Figure 5.3 Distributions of Chinese visitors from Sydney to other regions, clustered based on the 

frequency of geo-coordinates of posts. 
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A Sankey diagram was created to visualise the travel flows between regions. Sankey 

diagrams display the quantities of links from one region to another in proportion. The 

thickness of the lines reflects their relative size. To produce the diagram, pairs of travel 

between the two regions are needed. For example, if five visitors travel from A to B then to 

C, the pairs will be created as A-B with volume five and B to C with volume five.  

Figure 5.4 shows that all 13 regions show a direct connection with Australia. 

Australia was the most prominent gateway country, with 42.9% visitors departing and most 

of whom (34.8%) travelling to China. Also, 5.7% of Weibo users departed from Australia to 

New Zealand, and 3.1% left for other countries in Southeast Asia. Other regions like the 

Middle East, South Asia, Fiji, South Korea, Canada and South America show only a small 

number of direct connections with Australia. Considering departures from China, there are 

direct connections with all other regions except with Fiji. The link between China and 

Australia is the most important one (76.2%), reflecting on the sampling strategy of capturing 

those Weibo users who have been to Sydney amongst other countries. The database also 

captured users who travelled from China to Southeast Asia (8.1% of departures), and Europe 

(3.7%).   
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Departed from                                                                                          Arrive at 

 

 

Figure 5.4 Travel links between pairs of countries/regions in the data set of Weibo users who 

have visited Sydney, Australia. 
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 Conclusion 

Drawing on social media has the potential to access data with high volume and spatio-

temporal resolution that are superior to previously used tourism surveys. This research note 

presented a novel way of tracking Chinese visitors’ mobility to Australia and other world 

regions. Understanding how destinations are embedded in global itineraries is of great 

importance not only for marketing and management but also for crisis management. Already, 

destinations invest in new approaches, such as mobile phone tracking, to manage tourism 

impacts (Hardy et al., 2020).  

Research that considers multi-country tracking is limited to date, even though the 

applications would be diverse and could advance our theoretical understanding of global 

mobility. For example, learning how visitors combine different countries into one trip could 

inform how to develop multi-country itineraries that increase the respective attractiveness of 

the participating destinations. It may also assist in tracking carbon footprints (Becken, 2002) 

or devising effective visa policies (Pham et al., 2018). Future mobility systems may benefit 

much more from smart databased systems to track visitors in real-time. Clearly, 

understanding the global mobility of visitors is not only of interest to destinations but also of 

great relevance to a range of international decisionmakers, including those related to health 

organisations.  
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Lexicon Based Chinese Language Sentiment Analysis Method 

 

Abstract 

The growing number of social media users and the vast volume of posts could provide 

valuable information about the sentiment toward different locations, services as well as 

people. Recent advances in Big Data analytics and natural language processing often means 

to calculate sentiment in these posts automatically. Sentiment analysis is a challenging and 

computationally demanding task due to the volume of data, misspelling, emoticons as well as 

abbreviations. While significant work was directed toward the sentiment analysis of English 

text, there is limited attention in the literature toward the sentiment analytic of the Chinese 

language. In this work, we propose a method to identify the sentiment in Chinese social 

media posts and to test our method we rely on posts sent by visitors of the Great Barrier Reef 

by users of the most popular Chinese social media platform Sina Weibo. We elaborate on the 

process of capturing Weibo posts, describe the creation of lexicon, and develop and explain 

the algorithm for sentiment calculation. In the case study, related to sentiment toward the 

different GBR destinations, we demonstrate that the proposed method is effective in 

obtaining the information and is suitable to monitor visitors’ opinion. 

 

Keywords: Sentiment Analysis, Social Media, Natural Language Processing. 

  



 

91 

 

  Introduction 

Recent advances in computer science, technology, and communication, in 

combination with advanced equipment and services, reinvented the channels through which 

people collect and generate information. The fundamental concept of generating data has 

changed. In the past, a small number of main sources have been generating data, and all other 

actors have been consuming data. However, today all of us are both generating data, and we 

are also consumers of this shared data. This is particularly evident concerning social media 

platforms, which are attracting more and more users who talk about diverse topics. Despite 

concerns, related to the privacy and credibility of the posted information, this new method of 

obtaining relatively independent information about the quality of a product or service has 

benefits as it is limiting the ability of businesses to control and influence customers. 

Feedback about a wide range of services and products can now be acquired from independent 

reviews by consumers themselves. These types of reviews are known as user-generated 

content, and they have been found to play an important role in customers' future behaviours 

due to the electronic word-of-mouth (Benxiang Zeng & Gerritsen, 2014). 

The growing role of social media is attracting increasing research interest. Social 

media plays a significant role in many aspects of life, including retails, politics, tourism, and 

decision-making behaviour. A large number of users actively engage with social media, for 

example, Twitter has 313 million monthly active users worldwide Furthermore, over 1.94 

billion people monthly use Facebook (Zephoria, 2017)  and 700 Million users use Instagram 

(Instagram, 2017) , and the Chinese Social Media platform Sina Weibo has over 400 million 

active users  (Weibo, 2017).  People use social media to post stories from their daily life, and 

they are particularly likely to share impressions or emotions related to their travel experience. 
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For the tourism industry, it is, therefore, possible to examine social media and understand 

what visitors share and how they perceive destinations, attractions, and products. 

The Great Barrier Reef (GBR) is the world’s largest coral reef system stretching over 

2,600 kilometres along the coast of Queensland, and it attracts over two million visitors each 

year from all around the world (Greatbarrierreef, 2018). and significant proportion of GBR 

visitors are from China. While Chinese visitors are very active users of social media, they 

typically use Chinese platforms such as Sina Weibo rather than those commonly used by 

other English-speaking visitors. To take advantage of this huge number of users and media 

posts on Weibo, in this work, we decided to capture those posts which specifically talk about 

the GBR. 

Advances in Big Data analytic and natural language processing provide the 

opportunity to analyse visitor experience and their sentiment toward certain services or places 

(Stantic & Pokorný, 2014).  Sentiment analysis is a method that can be used for analysing 

social media content. It basically converts social media post text into quantitative data, 

whereby it can extract information about special events and identify patterns. Sentiment 

analysis is a challenging and computationally demanding task not just because of the vast 

volume of data but also due to the common grammatical errors and misspelling, slang, and 

abbreviations. Additionally, social media posts can contain sentiment emoticons that carry 

valuable information for calculating the sentiment scores and should not be discarded. 

Social media posts have been harnessed for different purposes including monitoring 

environmental changes (Becken et al., 2017; J. Chen, Wang, & Stantic, 2017)  as well as 

sentiment analysis in tourism (D. Leung et al., 2013; Z. Liu, Shan, Glassey Balet, & Fang, 

2017; Yin, Beibei, Su, & Chai, 2017).  In most cases, concept relied on sentiment derived 

from the short text of social media posts and analytics of posts’ metadata along with other 
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available online or scientific data. Different statistical and machine learning methods have 

been used, such as Support Vector Machines (SVM) and Naive Bayes. Recent literature also 

addresses the issues concerning trust and reputation measures in social network systems, 

especially in the presence of thematic social groups (Duong, Chi Thang, Nguyen, Wang, & 

Stantic, 2017). 

There are many sentiment analysis methods for English text presented in literature 

such as the Valence Aware Dictionary for Sentiment Reasoning (VADER) approach, which 

is purposely developed for sentiment analysis of short text found in social media posts (Hutto 

& Gilbert, 2014). VADER relies on a dictionary but also has a set of rules, which takes into 

consideration punctuation, emoticons, and many other heuristics to compute sentiment 

polarity. Dictionary contains items with associated sentiment intensities that are annotated by 

humans. For instance, a dictionary may have words, such as excellent, better, good, bad, 

worse, terrible, with their respective sentiment intensity and polarity. While the sentiment 

analysis is matured for English language, there is limited work for Chinese language 

sentiment analysis and was mostly directed toward lexicon creation. 

The majority of proposed sentiment analysis methods for Chinese language are 

machine learning-based (Zhuo, Wu, & Luo, 2014), for example, Y.Xu, Liu, Zhao, and Su, 

(2017) looked into to classify sentiments of microblogs from Sina Weibo. They relied on 

labelled emoticons as a training corpus and built a fast Bayesian classifier based on the 

assumption that both smiley and emoticons are strongly related to typical sentiment words 

and are viewed as convincing indicators of emotions. While others claimed that they improved 

sentiment analysis by identifying features with SVM as a learning engine, which they named 

the global optimisation-based sentiment analysis approach (Xinmiao Li, Li, & Wu, 2015). 

However, the authors pointed out that if the parameters are not selected well the result will not 
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be accurate and that the sentiment feature subset choice influences appropriate kernel 

parameters, and vice versa. On the other hand authors of (Zhuo et al., 2014), relied on lexicon 

from the National Taiwan University Sentiment Dictionary (NTUSD) (Jian, 2011), which has 

both traditional Chinese and simplified Chinese characters. NTUSD contains 2810 positive 

words (which are assigned +1 as sentiment intensity) and 8276 negative words (assigned -1 as 

sentiment intensity) (Jian, 2011).  Also, Wang and Lei (2016)  adopted NTUSD lexicon to 

calculate a sentiment score to monitor the public opinion and forecast election (S. Chen, 

Ding, Xie, Liu, & Ding, 2018), however, they also rely on lexicon which has a limited number 

of words and additionally has only two levels of sentiment intensity +1 or -1, associated with 

positive and negative words. 

To overcome the shortcomings of existing approaches mentioned above, in this work 

we propose and test methods to identify sentiment in Chinese social media posts and we rely 

on the most popular Chinese social media Sina Weibo (Sina Weibo, 2009).  We developed a 

method to crawl the web and collect Weibo posts that mentioned specific words (in this case 

word ”Great Barrier Reef” in Chinese language). We elaborate the process of capturing, 

managing, we describe the creation of a comprehensive Chinese lexicon with sentiment 

intensity, and we also propose an algorithm for sentiment calculation, which takes into 

consideration the length of the post as well as the number of matching words with a lexicon. 

Additionally, as proof of concept, we provide a sample of additional information, which can 

be extracted from the social media post metadata; such as where from Chinese people who 

have interest and comment on GBR originate from as well as what is average sentiment 

depending on the province poster originate from. 
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 Background  

Social media has influenced the way people search for information and make 

decisions. Tourism organisations and destination marketing organisations are aware of 

ongoing trends and thus try to explore the opportunities to use tourist-generated content for 

their own marketing and include it as an integral part of their branding and positioning. 

6.2.1. Social Media Data 

The emergence of user-generated content (UGC) on the Internet in the mid-2000s has 

provided a new source of data and enabled millions of tourists to exchange content on 

popular platforms for mutual benefits, such as social networking (e.g., Facebook), micro-blog 

(e.g., Weibo, Twitter), multimedia sharing (e.g. YouTube), location sharing (FourSquare), 

and review forums (TripAdvisor). Social media data has many forms, Figure 6.1 and Figure 

6.2 show several samples only to demonstrate the diversity, while below list highlights the 

main characteristics of social media data. Figure 6.1 shows a sample Weibo data.  

• It generates a massive volume of data. 

• Data are generated at unprecedented speed. 

• Data are complex and high-dimensional, attribute-value data such as text, comments, 

and other metadata about the poster (Figure 6.1). 

• Data exist in different forms: text, emotions, images, videos, etc.  

• Additionally, data can be noisy as well as incomplete and contain a lot of misspelling, 

slang, and abbreviations. 
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Social media platforms, including Twitter, Flickr, and Sina Weibo, also offer the 

possibility of geo-referencing the content shared by users, which enables the opportunity to 

trace social media users and compare findings with other sources of data. 

Sina Weibo is a Chinese micrologic website launched by Sina Corporation in 2009, it 

is similar to Twitter, but from 2016 with some flexibility concerning the length of the post 

(BBC, 2016).  Sina Weibo is the first and the most popular Chinese social media platform (S. 

E. Kim, Lee, Shin, & Yang, 2017); it has more than 411 million monthly active users in the 

first quarter of 2018   (Weibo, 2018). 

Figure 6.1 Sample Weibo data indicates complex high dimensionality of data 
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6.2.2. Sentiment Analysis 

Sentiment analysis or opinion mining relates to the study of opinions, attitudes, and 

emotions toward entities, individuals, issues, or events. Sentiment analysis dates back to the 

1970s and is conceptually grounded in the work of Osgood and his associates on content 

analysis of people's judgments by evaluating text (Osgood, 1952). Osgood and colleagues 

distinguish between three dimensions of meaning: Evaluation, Potency, and Activity. 

Assessment good-bad or favourable-unfavourable are along the Evaluation dimension of 

meaning, while the intensity of these evaluations such as strong/weak or powerful/powerless 

represents Potency, and fast/slow or active/passive comprise the Activity dimension. 

Figure 6.2 Several samples of data formats 
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Today we talk about sentiment analysis as a process of computationally identifying 

and categorising opinions to determine the writer’s attitude toward a particular issue. This can 

be achieved by employing computer-based natural language processing which aims to detect 

sentiment by relying on an Artificial Intelligence system that would be able to reason about 

emotion (Kirilenko, Stepchenkova, Kim, & Li, 2018). 

Comprehensive sentiment analysis also considers metadata such as, who provided the 

information and at what time. Literature elaborates methods of sentiment analysis which in 

general falls into one of three categories  (Alaei, Becken, & Stantic, 2019) 

Machine learning: Machine learning approaches involve creating a model by using 

human-annotated data. Mostly supervised machine learning approaches have been mentioned 

in the literature, and these methods are composed of pre-processing, feature extraction, 

learning, and classification steps. 

Dictionary-based: Also referred to as Lexicon-based, as there is associated polarity 

and weight on each word in the dictionary. These systems mainly rely on the use of 

dictionaries containing comprehensive sentiment lexicons and sets of fine-tuned rules. A 

sentiment dictionary can be created either by humans (manually), by machine 

(automatically), or by humans and machine (semi-automatically). 

Hybrid approaches: These methods combine dictionary-based and machine learning-

based approaches and they work in parallel to compute sentiment polarities. 

As mentioned earlier, the typical representative of Dictionary-based methods is 

VADER, it is suited for sentiment analysis of short text (Hutto & Gilbert, 2014). A clear 

advantage of dictionary-based methods for sentiment analysis is that there is no need for 

annotation of the text for training. Another advantage is the possibility to create domain-

specific dictionaries which ensure higher accuracy of calculated sentiment scores. But there is 
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still a need to create a dictionary and annotate the polarity of words, however, it needs to be 

done only once. This is less costly, considering that the annotation for a supervised machine 

learning method needs to be undertaken for each new context.  

In hybrid approaches, both dictionary and machine learning are used to compute 

sentiment independently, and then individual results are combined to provide sentiment 

intensity and polarity (Kasper & Vela, 2011). A specific hybrid model which is using 

keywords and the Naive Bayes algorithm has been recommended to calculate sentiment 

polarities of social media tweets (Claster, Cooper, & Sallis, 2010). 

  Methodology 

A sentiment analysis process is composed of several independent steps, as can be seen 

in Figure 6.3. It starts with data collections which in the case of social media data most often 

rely on the utilisation of dedicated Application Programming Interface (API). In instances 

where purpose-built API is not available web crawling is needed. Crawling initially involves 

the identification of a data source, for example, a commercial website or a social media 

network. A dedicated web crawling code needs to be developed and used to collect data from 

these sources. Considering that a huge amount of posts have been generated by users, there is 

a need to filter and acquire only relevant posts. Most often filtering is related to particular 

geographic areas or specific keywords. After the initial cleaning, which discards data that do 

not contain full records, data are saved in the database. 

Once data have been stored in a database, it is possible, for example, to calculate the 

sentiment from the content of the text within a set of data fields in particular posts. In 

addition to the actual text of the post additional metadata fields, if publicly available can also 

be captured. These fields can be used to analyse locations where posts have been sent from or 
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where users originate from, which is based on place users indicated as their location when 

they created accounts. 

Due to the limited options with public Weibo API, we developed in Python 

programming language a dedicated method to crawl the Weibo website and to collect relevant 

social media posts. Considering that data is in Java Script Object Notation (JSON) format we 

stored it locally in MongoDB NoSQL database, which was chosen because it has been shown 

that the relational databases are struggling in handling a large amount of unstructured data 

(Stantic & Pokorný, 2014).  NoSQL database can store and efficiently access a diversity of 

unstructured data, including text, emotions, and media files. 

The following procedure was implemented: we extracted only posts that contained the 

keywords “Great Barrier Reef”  in Chinese language. The extraction process is shown in 

Figure 6.3.  

Figure 6.3 Global Sentiment analysis process of Weibo data 
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We identified that about 15% of posts have exact geo-location (Latitude, Longitude), 

which can help in the analysis of metadata and for example provide information about visited 

places. In addition, the analysis involves assessment of the ’emotional’ tone of the text; which 

will be calculated with the method proposed in this paper. Our experiments ere conducted on 

an in-house Big Data cluster running Hadoop (2.6.0) and MongoDB (3.2.9). 

 

  Creation of Chinese Lexicon 

Considering that there is limited work on sentiment for Chinese text, it is also 

reflected in the shortage as well as the quality of available Chinese language lexicons. When 

looking into available dictionaries, we have identified that despite there are some duplications 

of words, these dictionaries complement each other. However, the biggest disadvantage was 

that they had no intensity of sentiment. The only Lexicon from Bo Yuan, Tinghua University 

(Bo, 2012) has intensity associated with specific words. However, it has a limited number of 

words. Another approach, such as HowNet (Dong & Dong, 2006)  has intensity associated 

with different dictionaries such as ’most’, ’more’, etc. Also, dictionaries from Dalian 

University has a simple label for positive and negative polarity. All other dictionaries that we 

found are formed and grouped by positive or negative words. 

In creating our lexicon, we considered the following dictionaries: 

• Chinese Sentiment Word Weight Table from BoYuan in Tinghua University: 

It contains 23,419 phrases with a positive or negative weight (Bo, 2012) 

• How Net: has 17,887 phrases which are divided into 6 groups based on the 

emotional tendency, which are: ”Positive Evaluation”, ”Negative Evaluation”, 
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“Positive Emotion”, ”Negative Emotion”, ”perception” and ”Adverb of 

degree” (Dong & Dong, 2006) 

• Chinese emotional vocabulary from Dalian University of Technology 

Information Research Laboratory. It contains 22,012 phrases (Information, 

2017) 

• National Taiwan University Sentiment Dictionary - NTUSD: has both 

Simplified and Traditional Chinese Characters. It has 2,810 positive words and 

8,276 Negative words (Jian, 2011) 

• Tsinghua University Positive and Negative Dictionary which contains 4,468 

negative words and 5,567 positive words (Zhiyuan Liu, 2017) 

Apart from being limited in content and number of words, these dictionaries have 

shortcomings as there are no sentiment intensity measures of individual words. Weight has 

been mostly addressed by creating dedicated dictionaries for specific terms that are grouped 

based on association with most, very, more, half, etc. This causes lower accuracy of sentiment 

score and also requires dedicated code in programming for calculation of sentiment, which 

significantly slows down the sentiment calculation. 
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Therefore we created our lexicon which combined existing dictionaries and added 

weight intensity in accordance with meaning. In the absence of human annotation, for 

example, we associated weight 3 times for words associated with “most”, and two times for “ 

more”. Also, we assigned weight +1 to words in positive dictionaries add -1 for words in a 

negative dictionary. Words that existed in lexicons and had sentiment intensity validated by 

humans we retained, such as from HowNet lexicon (Dong & Dong, 2006) 

The result was a comprehensive lexicon for Chinese language with over 40,000 terms 

with associated weighting. We realise that certain words still have only weight +1 or -1, 

however, it is at this stage sufficient and more accurate than any existing method and any 

existing lexicon. To further improve accuracy it is possible to engage people to do the 

annotation of words sentiment weight, however, because there are over 40,000 words and 

every individual could have different sentiment weight it is required to survey several people 

for the same terms, therefore this is a lengthy and expensive task. 

Figure 6.4 Distribution of sentiment intensity of BoYuan Tinghua University lexicon 
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Figure 6.4 is shown the distribution of BoYuan Tinghua University lexicon, and 

Figure 6.5 presents the distribution of lexicon we compiled as part of this work, which is the 

combination of several existing dictionaries. 

 

  

 

As indicated in Section 2 there are many sentiment analysis methods proposed for the 

English language, and they are mostly lexicon-based. Concerning sentiment analysis of short 

Chinese language text, there is limited work, and the process itself is more complicated when 

compared to the sentiment analysis of the English language because Chinese text also 

requires segmentation into meaningful terms. In the Chinese language, there are no spaces 

between characters and specific meaning is often defined by a combination of characters or 

words. Encouraged by the work of our Big Data group on sentiment analysis for English 

language, we decided to follow the same direction and propose a lexicon-based sentiment 

Figure 6.5 Distribution of sentiment intensity of our Lexicon 
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analysis method for Chinese language. In Figure 6.6, we show the concept of sentiment 

analysis of Chinese text that has been proposed and developed in this work. 

Calculation of sentiment was done according to Algorithm 1. Once Weibo Chinese 

social media posts have been collected and stored in MongoDB databases in JSON format, 

with regard to sentiment calculation of posts, the first step is to only consider the content of 

the posted text within the post TEXT and encode text with UTF-8 encoding D, suitable for 

Chinese language. Individual encoded text d is then considered for sentiment calculation. In 

the next step, considering that there is no space to separate characters and words in Chinese 

language, there is a need to do the segmentation to meaningful words.  In Chinese language, 

one character usually does not have meaning, which is a challenge itself to segment text 

written in Chinese into meaningful terms. For example, in English ”I love traveling”, 

”traveling” is one word, however, in Chinese language, it needs two characters ”lv” and 

”you” to have the meaning of ”traveling”. Additionally, as there is no space to separate words 

in a sentence, if we need to find ”traveling” in Chinese language, it is required to take into 

consideration both ”lv” and ”you” in order to have the meaning of ”traveling”. Segmentation 

of Chinese language is a research topic itself, and it is outside of the content of this work, it 

attracted significant attention in the literature (D. Leung et al., 2013; Manning, Bauer, Finkel, 

& Bethard, 2014) 
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            Figure 6.6 Sentiment analysis concept 

In this work on developing sentiment analysis of Chinese short text we accepted and 

followed Jieba segmentation method (Sun, 2012). Apart from being widely used, Jieba has an 

advantage because it has libraries for python, which we could simply plug into python code 

for sentiment analysis. Jieba can search the maximum probability path and most probable 

combination based on the word frequency. It supports three word-segmentation models 

(accurate mode, full mode, and search engine mode), can process the traditional Chinese 

word segmentation, and supports custom dictionaries (Lin & Han, 2016). Jieba segmentation 

library files are publicly accessible at (Sun, 2012). 
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Based on Algorithm 1, all segments from posts (SEG) are lopped and segments (seg) 

are matched with Lexicon (LEX). If a segment exists in the lexicon associated intensity 

(wordsentiment) is obtained and added to the Sentence sentiment (sen_sentiment). Because 

post in Weibo can be short or very long, we count the number of segments (words) as well as 

the number of matching segments with lexicon (dictwords), which we take into consideration 

when calculating the sentiment of an individual post. This is required because there are more 

positive than negative words in the lexicon and therefore it is more likely that the lengthy 

posts have more matching words with the lexicon and therefore result in higher positive 

sentiment if the adjustment was not performed. Details show in Figure 6.7.  

Figure 6.7 Sentiment analysis steps 
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When all segments from the individual post are taken into consideration, to avoid the 

influence of the length of the post to sentence sentiment score, adjusted sentiment (adjusted 

sent) was calculated with the following equation: 

adjust_sent= sentiment * dictwords / words  

 

Finally, to ensure that the sentiment is always between -1, for negative, and +1 for a 

positive posts, the sentiment is normalised to 1 with the following equation: Normalised 

sentiment score is stored in the database along with the associated text, and the loop continue 

to next post till all posts are finished. 

normalize_to_one =adjust_sent√adjusted_sent
2
+2 

 

 Experimental Evaluation 

In our experimental evaluation, we considered Sina Weibo posts posted in 2016 and 

2017 that mentioned the “Great Barrier Reef ” in Chinese language. A total of 24,308 

relevant posts have been captured. As a demonstration of sentiment calculation, we relied on 

our previous experience on the Great Barrier Reef project, and selected several relevant 

keywords including key locations (Townsville, Cairns, etc.), food (Seafood), hotel, and some 

relevant activities such as ’ snorkelling’ and calculated overall sentiment for these keywords. 

In Table 6.1, we provided some sentiment scores calculated by the method proposed in this 

work. It can be seen, for example, that all related posts are positive in these two years; 

however, the overall sentiment about the travel destinations was increasing, while only the 

seafood sentiment score dropped from 0.4474 to 0.4043. 
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Table 6.1 Sentiment Score of GBR related posts 

Keywords Sentiment score 2016 Sentiment score 2017 

Cairns 0.3828 0.4042 

Townswille 0.385 0.4484 

Whitehaven beach 0.3713 0.423 

Whitsunday 0.3626 0.3473 

Hamilton island 0.354 0.343 

Green island 0.4398 0.4406 

Heart reef 0.481 0.4747 

Hotel 0.3261 0.4314 

Seafood 0.4474 0.4043 

Snorkeling 0.3551 0.3525 

Coral 0.3326 0.3766 

Heart reef 0.481 0.474 

Fish 0.250                                                0.328 

 

Considering that apart of text social media posts can contain other relevant metadata, 

we investigated what additional information metadata can provide. We noticed that out of 

24,308 captured posts, almost all users (99%) provided their location at the time of 

registration, which could be a good indication of where the users originate from. Figure 6.8 

shows a heat map to illustrate where in China the Weibo users who talked about the GBR 

originate from at the time of registration of their accounts. Based on these details we could 

identify the number of users from different provinces, for example, Beijing is top-ranked (a 

total of 5,091 users) that mentioned the Great Barrier Reef, followed by Guangzhou Province 
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(2,389) and Shanghai (1,456). It is important to mention that this analysis result correlates 

well with the results released by Queensland Tourism Industry Council which announced that 

”Markets in Chinas first-tier cities (Beijing, Shanghai, Guangzhou and Shenzhen)”. It has 

also been previously demonstrated that social media data correlates well with scientific 

observations (J. Chen et al., 2017) Therefore, also considering observation related to first-tier 

cities, it is evident that the metadata can be used to gain valuable information. It is interesting 

to note that there are posts from all provinces in China, indicating that the GBR is very 

popular in Chinese social media. 

 

 

 

Another analysis, shown in Figure 6.9, presents average sentiment in all posts that 

mentioned GBR depending on the province where the user opened their accounts. It is 

possible to see that some provinces have higher or lower sentiment, which could be 

investigated and found the reason for higher or lower sentiment toward the GBR and findings 

Figure 6.8 Heat map of user locations that mentioned GBR in 2016 and 2017 
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can be used for change in marketing strategy. This is another sample of how metadata can be 

used. 

Also, we noticed that about 15% of posts have exact geographic locations (longitude, 

latitude) of posts, which can be used to identify the points of interest. 

 

 

Figure 6.9 shows the distribution of posts in 2016. It is interesting to see that two peak 

times of posting about GBR are February and September with an increasing trend. The 

Chinese visitor satisfaction report says ”Chinese holiday tourists arriving in Australia for 

leisure purpose have featured high seasonality”. Australia summer tends to be the peak 

season for Chinese tourists to avoid freezing winter. The peak season lasts for four months 

from November to February, covering several important holidays such as Christmas and New 

Year’s Eve. Our finding correlates with this observation. 

Figure 6.9 Average sentiment in posts that mentioned GBR based on users’ origin 



 

112 

 

  Conclusions 

Consumer perception assessments often rely on existing approaches to data collection, 

such as surveys and opinion polls. However, these methods have a range of limitations both 

in terms of sample size and bias. There is also a risk that the traditional methods are unable to 

capture opinions and behaviours due to the relatively small sample size, as the sample size is 

limited due to the cost of the survey. To overcome these limitations, we proposed to tap into 

available social media posts and perform Big Data analytics. Since there are a lot, Chinese 

tourists in Australia, specifically in the area of Great Barrier Reef, we decided to gain insight 

into tourists with Chinese background by capturing and calculating the sentiment of Sina 

Weibo Chinese social media posts. 

Despite sentiment analysis representing a well-researched and matured area for the 

English language there has been limited attention on the Chinese language and that was 

mostly concentrated on lexicon creation, which itself is small and does not have word 

sentiment intensities. To overcome the shortcomings of existing approaches, in this work, we 

Figure 6.10 Number of posts per month in 2016 
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proposed and tested a method to identify sentiment in Chinese social media posts. We 

developed a method to crawl the web and specifically collected Weibo posts that mentioned 

the word Great Barrier Reef both in the Chinese language and the English language. We also 

elaborated on the process of capturing, managing, and describing the creation of a 

comprehensive Chinese lexicon with sentiment intensity, and proposed an algorithm for 

sentiment calculation. In contrast to all other existing methods the new method takes into 

consideration the length of the text as well as the number of identified words in the lexicon. 

To the best of our knowledge, this is the first method which avoids polarity bias because 

there are more negative than positive words in the lexicon and therefore longer posts tend to 

be more negative since longer posts are more likely to have more matching words in the 

lexicon. 

Additionally, we provided samples of other valuable information, as proof of concept, 

which can be extracted from social media posts metadata; such as where from Chinese people 

who have interest and comment on GBR originate from as well as what is the average 

sentiment depending on locations users indicated as their place of residence. In a case study 

related to sentiment toward the different GBR destinations, we demonstrated that the 

proposed method is effective to obtain information and to monitor visitors’ opinions. 

For future work and to further improve the accuracy of sentiment analysis a more 

comprehensive lexicon is needed, especially a lexicon that can include words that people like 

to use in social media, as well as emojis that users draw on to express feelings or moods. 

  



 

114 

 

 Assess visitor satisfaction (Manuscript Five)  

STATEMENT OF CONTRIBUTION TO CO-AUTHORED PUBLICATIONS 

Chen, J., Becken, S., & Stantic, B. (Submitted to Tourism Management) Importance - 

Performance analysis of destinations: A innovative approach using social media data 

My contribution to the paper involved: 

Designing methodology, data collection, performing data preprocessing, data analysis, 

drafting of the manuscript, and submission to the journal. 

(*) The consent of both co-authors was obtained for inclusion of this paper in the 

present thesis. The original article is incorporated into the current thesis, with minor 

adaption to formatting as required by Griffith University. 

 

(Signed) _________________________________ (Date)  29.12.2020. 

Jinyan Chen (Corresponding author) 

 

(Countersigned) ________________                   (Date)   04.01.2021. 

Principal Supervisor and co-author: Professor Susanne Becken 

 

(Countersigned) ___________________________ (Date)  03.01.2021. 

Associate Supervisor and co-author: Professor Bela Stantic 

 

 

 

 



 

115 

 

 Importance - Performance analysis of destinations: A innovative approach 

using social media data 

 

Abstract 

This paper introduces an innovative approach that indirectly measures performance 

and importance values to assess visitor satisfaction at the destination level. Data were drawn 

from publicly available social media. A lexicon-based method for sentiment analysis was 

applied to identify performance value, while importance was calculated by the association 

rule mining algorithm - Support, based on the frequency of posts in each destination. The 

results of the importance and performance analysis (IPA), via social media, were validated 

with earlier survey-based research. It was confirmed that Nature, Activities, and Wildlife 

demonstrated high satisfaction, while Shopping demonstrated low satisfaction. It was also 

noted that Brisbane was identified to be the most satisfying destinations for Chinese visitors. 

The results indicated that the proposed methodology offers opportunities to conduct IPA with 

larger sample sizes, for a lower cost, and may allow greater flexibility in data collection. The 

research used Chinese visitors to Australia as a case study, although the approach could 

benefit from a wider range of tourism contexts.  

Keywords: Importance-Performance analysis, Visitor satisfaction, Social media, 

Sentiment analysis 
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 Introduction 

Satisfaction has been interpreted as the level of congruence between expectations and 

experience as perceived by customers. When a customer judges an outcome as equal to or 

better than expected, the customer is satisfied (Howard & Sheth, 1969). Tourist satisfaction is 

a key factor for destination viability (Sukiman, Omar, Muhibudin, Yussof, & Mohamed, 

2013),  as the level of the tourist satisfaction has a positive relationship with destination 

loyalty (Buhalis, 2000; Gounaris, Dimitriadis, & Stathakopoulos, 2010; Žabkar, Brenčič, & 

Dmitrović, 2010). Destination satisfaction results in positive word of mouth, repeat visitation 

and increased purchase intention (Gounaris et al., 2010). These factors suggest that 

understanding visitor satisfaction, especially in relation to different activities or attributes, is 

important for destination management.  

A popular method of assessing visitor satisfaction is the importance and performance 

analysis (IPA) (Bi, Liu, Fan, & Zhang, 2019; I. K. W. Lai & Hitchcock, 2015, 2016). The 

majority of IPA have been undertaken based on survey or questionnaire data. This form of 

data collection has been criticised however, as it is prone to sample selection bias and delays 

in response (Y. Liu, Huang, Bao, & Chen, 2019). With the increasing popularity of social 

media, large volumes of publicly available online data can be obtained through an 

Application Platform Interface (API) or web-crawlers to collect data from websites. Social 

media data can be collected by geographic region or topic areas. This rich content source 

offers access to text, geo-locations (where posts were generated), posting time, and user 

information. 

This paper proposed an innovative approach to conduct IPA with data sourced from 

social media. The proposed method indirectly identified performance using sentiment 

analysis that calculated polarity from the text. Importance was determined by association rule 
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mining by calculating support. Performance and importance values were plotted on a data-

centred quadrant to examine visitor satisfaction within various destinations.  

To perform and test the proposed method for IPA, a case study of Chinese visitor 

satisfaction with different aspects of their travel in Australia was assessed. Chinese visitors 

were deemed an appropriate case study as China has been recognised as Australia's top tourist 

market since 2017 (Tourism Research Australia, 2019b). Due to the COVID-19 pandemic, 

Australian borders have been closed since February 2020 which has disrupted tourism 

development. However, Australia has been advancing plans for post-pandemic tourism 

recovery, including the creation of travel bubbles (Homeaffairs, 2020). Therefore, pre-

pandemic insights into Chinese visitor satisfaction of Australian destinations may inform 

tourism recovery.   

 Literature Review 

7.2.1. Tourist satisfaction and how it is measured  

Understanding customer satisfaction is key to business success. Therefore, 

satisfaction has been of critical interest in tourism research. Tourism studies have proposed 

various methods to investigate visitor satisfaction. Table 7.1 offers an overview of the 

research approaches, the data collection methods applied, examples from the literature, and 

the tourism system elements of focus within this work. 
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Table 7.1 Literature that assesses tourist satisfaction and highlights various approaches 

Approach 

(theory or 

methods) 

Data collection Papers Focus 

Expectancy and 

disconfirmation 

Questionnaires (Ying Wang & Davidson, 

2009) 

Destinations 

(Zehrer, Crotts, & Magnini, 

2011) 

Hotels 

(Y. Chen & Li, 2018) Life 

Satisfaction/individual 

well being 

Content 

analysis 

TripAdvisor (Padma & Ahn, 2020) Hotels 

Sentiment 

analysis 

Online travel blogs (Y. Liu et al., 2019) Destinations 

Twitter (Alaei et al., 2019) Human sensors 

Importance 

performance 

analysis 

Statistics report (Sörensson & von 

Friedrichs, 2013) 

Destinations 

Online reviews (W. Deng, 2007) Hot springs tourism 

Statistics report (Ramanathan & 

Ramanathan, 2016) 

Cruise tourism 

Survey (Simpson, Patroni, Teo, 

Chan, & Newsome, 2019) 

Marine wildlife 

tourism 

Questionnaire  (I. K. W. Lai & Hitchcock, 

2016) 

Hotel 

Questionnaire (Trunfio & Campana, 

2020) 

Museum experience 

 

Expectancy and disconfirmation theory explains tourist satisfaction by comparing 

consumers' expectations and evaluations (Oliver, Rust, & Varki, 1997). The theory suggests 

that when a product outperforms visitor expectations, it results in higher satisfaction. Visitor 

satisfaction and word of mouth (WoM) are especially important in social media as posts may 

influence the reputation of a destination and future bookings (Batista e Silva et al., 2018).  

However, there are limitations to the application of expectancy and disconfirmation 

theory. Tourists may be satisfied even though the product or service does not meet 

expectations, although it is important that it remains at a minimum range of acceptance 

(Yüksel & Yüksel, 2001). It is also difficult to measure tourism expectations prior to travel, 
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making it challenging to capture expectations (Zehrer et al., 2011), especially when decisions 

are modified while travelling. 

Content analysis has also been applied to assess visitor satisfaction. Focusing on 

luxury hotels, Padma and Ahn, (2020) collected data from TripAdvisor and counted 

frequently mentioned words from reviews, then categorised the words into hotel-related 

themes to analyse guest opinions. However, word frequency analysis fails to capture deeper 

emotions or motivations, which may measure the depth or importance associated with hotel 

features. 

Sentiment analysis has been recognised as an effective and efficient way to assess 

affective and cognitive evaluation, especially with textual data within digitalised tourism 

applications (Hao et al., 2019). Researchers have argued that sentiment analysis may be 

applied as the computational research of emotions toward objects (Fu, Hao, (Robert) Li, & 

Hsu, 2019; Hao et al., 2019; Kirilenko et al., 2018; X. (Robert) Li et al., 2015). Sentiment 

analysis can be recognised as opinion mining to determine the polarity of the text through the 

use of natural language processing (NLP) methods (Alaei, Becken, & Stantic, 2019). There 

are doubts however that sentiment analysis can effectively represent visitor satisfaction (Ying 

Wang, 2016).  

Importance and performance analysis (IPA) is a popular method to assess visitor 

satisfaction. The literature analysis software Connected (ConnectedPapers, 2020) was applied 

to identify related IPA studies, using Lai and Hitchcock (2015) as a benchmark. The search 

resulted in fifty-eight papers which applied IPA to assess visitor satisfaction in tourism and 

hospitality studies. The Connected Papers tool scanned the content of the benchmarked paper 

and analysed co-citations and the bibliographic coupling to identify similar papers. The 

relationship between these papers is shown in Figure 7.1, where each node represents a paper; 

colour represents the year (from 2000 - 2020), and the node's size reflects the number of 
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importance before the performance) (I. K. W. Lai & Hitchcock, 2015). However, Azzopardi 

and Nash (2012) stated that the direct rating of importance has many issues, such as the 

inflation of ratings; sampling bias; and distortions resulting from response delay. Therefore, 

attention has moved towards indirect importance values measurement, using standardised 

regression coefficients or artificial intelligence-based approaches.  

A study claiming to be the first to conduct IPA with online reviews (Bi et al., 2019) 

proposed the calculation of performance with five sentiment strengths (very negative, 

negative, neutral, positive, and very positive). Importance was calculated based on the neural 

networks trained with data from online ratings. Attributes were identified by Latent Dirichlet 

Allocation (LDA) from a review of online text. However, online reviews differ from social 

media data. Online reviews provide ratings (scores or stars), which can be used to calculate 

importance. Specific searches can be applied to online review data, such as reviews specific 

to a destination or hotel type. In contrast, social media data is more challenging in terms of 

finding a specific topic or identifying relevant attributes. In addition, social media does not 

contain rating scores that can be adopted to calculate importance.  

7.3.2. Interpretation of IPA results 

The interpretation of IPA results is a critical aspect of analysis. There are six popular 

approaches to plot IPA results: data-centred; scale-centred; diagonal line; scale-centred 

diagonal line; means and diagonal line model, and a three-factor model (Lai & Hitchcock, 

2015). This paper discusses the two most common approaches data-centred and scale-

centred. 

IPA was originally a three-stage process, with the first stage requiring the selection of 

a list of products. Volunteers or focus groups are required to rank the importance and rate the 

performance of the attributes. The importance-performance chart is plotted on a quadrant 



 

122 

 

(importance on y-axis and performance on the x-axis). Using the mean of importance and 

performance, four quadrants are identified to evaluate the satisfaction of each attribute (Lai & 

Hitchcock, 2015). Discussion within the literature has evolved around the most appropriate 

approach to draw the quadrants. In a data-centred approach, the mean values of importance 

and performance ratings determine the cross-hair point (J. Deng & Li, 2019). In contrast, the 

scale-centred approach draws the cross-hair point from the scale by using the mean value (for 

example a 10-point scale would have the axes crossing at 5) (Murdy & Pike, 2012). Oh 

(2001) has recommended that the scale-centred approach is the better technique as it provides 

easy and valid interpretation of the data. Others have suggested that if the interpretation of the 

results is clear and valid, data-centred mapping also provides useful outcomes(Azzopardi & 

Nash, 2012). There has also been criticism of the scale-centred selection of cross-hair point, 

as it was found to suffer from low discriminative power (Rial, Rial, Varela, & Real, 2008). 

IPA results can be mapped on four quadrants associated with four meanings (Martilla 

& James, 1977), as shown in Figure 7.2. IPA presents the results of specific attributes for 

stakeholders to make various decisions related to destination management. For example, if 

the attributes fall in quadrant A, which indicates Under performance, this attribute requires 

greater attention (Abalo, Varela, & Manzano, 2007).  
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• A: Under performance: low performance and high importance  

• B: Keep up the good work: high performance and high importance 

• C: Low priority: low performance and low importance 

• D: Possible overkill: high performance and low importance 

  

 

 

 

Figure 7.2 Explanation of the four quadrants of an IPA map (Source: Martilla & James, 1977). 
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 Methodology 

7.4.1. The research framework  

This work involved three steps. Initially, data was collected from social media, 

filtering only pertinent data based on the geo-location of the posts. A clustering method was 

then performed to identify destinations based on postcodes and attributes were identified 

from terms frequently mentioned by visitors. Sentiment analysis was applied to calculate the 

performance and importance utilising the association rule mining method – Support. To 

minimise the chance that posts were generated by local residents within the identified 

destinations, additional criteria was applied to ensure users had posted from a minimum of 

three destinations. Based on the values of importance and performance, IPA was plotted for 

interpretation. Figure 7.3 presents the research framework.   

Figure 7.3 The methodological framework underpinning an innovative approach to conduct IPA. 
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7.4.2. Data collection  

As the case study focuses on Chinese visitors, the Chinese social media platform 

Weibo was used for data collection. Weibo is a popular social media platform in China, with 

more than 500 million monthly active users and 97% of users are from mainland China 

(Statista, 2020b). Weibo provided an Application Program Interface (API) which allows 

programmers to collect data under specified conditions (Weibo, 2012a). Collecting data from 

Weibo enabled the coverage of multiple destinations and reduced the language barrier as 70% 

of Chinese visitors to Australia have limited English language skills (Tourism Research 

Australia, 2014).  

The keyword function from the API list was used in this research. To obtain sufficient 

data, Sydney was chosen as the initial keyword for data collection. Sydney has been 

identified as the most popular Australian destination with Chinese travellers, with peak 

visitation between January and March (Tourism Research Australia, 2019). Following the 

keyword filter, a second filter was applied using a bounding box (Latitude and longitude to 

cover the Sydney area). Only posts sent from within this area were kept for analysis. This 

resulted in the collection of 1275 unique users who discussed Sydney and posted from this 

location during their visit in January 2019. 

As a further step, and to collect data related to travel patterns in multiple Australian 

destinations, timeline tracking was developed to track data. According to Tourism Research 

Australia (2019), Chinese free and independent travellers (FITs) stayed an average of 19.5 

nights in Australia. However, Chinese FITs visiting friends and relatives (VFR) stay the 

longest, on average 45 nights. When collecting Weibo data, to cover a variety of visitors, 

such as tour groups, VFR, and FIT, the timeline chosen for data collection was 45 days. In 

order to capture complete trips, data were collected in a 90 day window (45 days before and 
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after the user’s first post), theoretically spanning the period from 16 November 2018 to 15 

March 2019.  A purpose-built web-crawler using Python programming language was 

developed to collect the data. After applying all steps in Figure 7.3, 1110 users were retained 

for analysis with a total of 9439 posts.   

 

7.4.3. Selection of destinations 

Satisfaction assessments have commonly used destinations as a unit of analysis. For 

example, 17% of studies cited in Lai et al.’s (2015) study, focused on destinations. However, 

studies that have applied IPA to destinations mostly focused on a specific city (Sörensson & 

von Friedrichs, 2013), or specific places, such as an island (Moyle, Weiler, & Croy, 2013). 

To date, assessment of visitor satisfaction across multiple destinations has been 

underrepresented in the literature.   

Destinations in this paper were identified by the geo-location data from where the 

post was sent. Locations in Australia can be represented by the first two digits of their 

Australia postcode, which indicates the state and region (PostcodeAustralia, 2020). Figure 7.4 

shows the first two-digit codes allocated to regions under the Australian postcode system 

(GeoMarketing, 2020).  

The geo-located data obtained from Weibo were clustered by the first two postcode 

digits. A python-based method, which relies on the Geopy public library, was employed to 

identify the postcode attributable to the Weibo posts geo-locations. The Geopy library can 

locate addresses, cities, postcodes, and countries worldwide from geo-coordinates (Latitude 

and Longitude) using third-party geocoders and other data sources (Geopy, 2020).  
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To understand the destinations more intuitively, the two-digit postcode was assigned 

to the nearest urban centre. In total, seventeen destinations were identified. The number of 

posts in each destination is presented in Table 7.2 Two-digit postcodes and the number of 

posts within the area.  

Table 7.2 Two-digit postcodes and the number of posts within the area 

Two-digit 

postcode   

Nearest urban centre Number of posts  

20 Sydney area 4210 

30 Melbourne area 1633 

22 Central Coast region 506 

42 Gold Coast area 450 

48 Cairns area 421 

Figure 7.4 Two-digit postcodes in Australia (Source: GeoMarketing, 2020). 
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Two-digit 

postcode   

Nearest urban centre Number of posts  

32 Geelong area (with Great Ocean Road attraction) 334 

40 Brisbane area 323 

27 Wagga Wagga (with Blue Mountains attraction) 276 

25 Wollongong area 223 

26 Canberra area 209 

37 Albury area 185 

24 Coffs Harbour area 183 

50 Adelaide 166 

70 Hobart 118 

72 Launceston 86 

60 Perth 60 

08 Darwin 56 

 

7.4.4. Identifying attributes from Weibo posts 

Identifying the most relevant tourism attributes is an essential step in conducting IPA. 

Lai and Hitcock (2015) suggest that there is no superior way to justify attribute identification, 

although establishing a set of attributes that is unique to the research purpose is essential.  

To identify relevant attributes the study adopted Buhalis’ (2000) framework for 

destination structure and six dimensions were considered: Attractions (nature, artificial built), 

Accessibility (transportation), Amenities (accommodation), Available packages (pre-arranged 

packages), Activities (things to do), and Ancillary services (banks, shops). However, as the 

data were obtained from social media, it was challenging to establish whether the visitors 

travelled independently or in a group, so pre-arranged packages (Available packages) were 

not considered. Utilising Tourism Research Australia (2014) reports, additional attributes of 
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interest were added, with a final total of eight attributes applied within this work: Nature; 

Activities; Wildlife; Food_drink; Accommodation; Transportation; Shopping; and 

Work_study.  

In order to extract posts associated with the desired attributes, the MapReduce method 

was applied to identify keywords (terms) and their frequency. A MapReduce is a process 

comprised of a mapping procedure, which performs text splitting (segmentation) to map the 

words and the reducing step, which counts the frequency of words. However, unlike English, 

where words are segmented by a space, the Chinese language is based on phrases that usually 

need two or more characters to form a meaningful term. Therefore, special segmentation was 

required and the algorithm Jieba was used to perform segmentation (Sun, 2012). Jieba can 

effectively search the maximum probability path and most probable combination based on 

word frequency. 

Figure 7.5 shows the MapReduce process to identify attributes. A dataset from the 

Weibo posts served as the input (with two example posts), and the data set was segmented 

using Jieba in a splitting step. Each segmented word was listed at the mapping stage and then 

counted by adding the same words (terms). At the reduce step, the frequency of the terms was 

identified. Finally,  the top 500 words were checked manually to assign them the relevant 

attributes (details in Appendix A). All the words in each attribute were created as queries to 
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search for relevant posts. The number of posts related to each attribute is shown in Table 7.3.  

Table 7.3 Eight relevant attributes with the number of posts identified  

Attributes Number of posts 

Nature 1,731 

Activities 1,195 

Food/ drink 822 

Wildlife 497 

Transportation 464 

Work/ study 425 

Accommodation 175 

Shopping 68 

 

 

Figure 7.5 Process of MapReduce for attributes identification 
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 The innovative approach for identifying performance and importance  

7.5.1. Calculating the sentiment score to reflect performance 

Performance can be indirectly identified based on the sentiment polarity of the 

individual post. The study adopted a sentiment analysis method specifically developed for 

Chinese short text (Jinyan Chen, Becken, & Stantic, 2019). The technique relies on a 

comprehensive lexicon of Chinese language with over 40,000 terms with associated 

weighting.  

The process of sentiment polarity calculation is shown in Figure 7.6. Jieba, a 

segmentation method was applied to segment the Chinese language. All segmented words 

(SEG in Figure 7.6) were individually considered, and each segment (seg) term was checked 

against a lexicon (LEX). If segment words were found to have associated intensity 

(wordsentiment), they were added to the sentence sentiment (sen_sentiment). As longer posts 

may result in a higher sentiment score, due to the potential for a greater number of positive 

words than negative words in the lexicon, the number of post segments was counted (words). 

Equation 1 presented details of adjusting the sentiment score. 

adjusted_sent = sen_sentiment * dictwords / words                           Equation 1 

However, as there were seventeen different destinations, it seemed appropriate to 

calculate the mean value of the performance for each attribute within each destination. 

Equation 2 was applied to calculate the performance of attribute (A) at the destination (d) as 

the mean of sentiment for all relevant posts (NAd), found at destination (d), where Senti 

represents sentiment polarity of the individual post (i) (referred to as  normalize_to_one  in 

Alghorothm, Figure 7.6).   

PerformanceAd =
∑ 𝑆𝑒𝑛𝑡𝑖

𝑁𝐴𝑑
𝑖=1

NAd
                   i = 1, 2, …, NAd                     Equation 2 
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The output of the sentiment polarity algorithm shown in Figure 7.6 ranged from -1 to 

0 for negative sentiment, and 0 to +1 for positive sentiment. However, the literature reveals 

that most studies use a 5-point scale for both performance and importance (Lai & Hitchcock, 

2015), therefore performance was adjusted to a scale from 0 to 5, using Equation 3. 

Adjusted_PerformanceAd = 2.5 * (PerformanceAd + 1)    Equation 3 

 

 

 

 

 

Figure 7.6 Algorithm for sentiment polarity calculation (Source: Chen et al., 2019). 
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7.5.2. Importance measurement by calculating support value from association rule mining 

Individuals direct their attention to those aspects of the perceptual field that stand out 

according to the salience issue (Guido, 1998). Therefore, the measurement of importance was 

designed based on the frequency of the attributes at each destination and grounded by 

salience theory (Kaplan & Martin, 1969) where important attributes are believed to be salient 

(Oh, 2001). Importance is based on the association rule learning method by calculating the 

Support, which indicates the frequency in which the attributes appeared in the social media 

text for a particular destination. 

Equation 4 was used to calculate Support. T was assigned as the whole dataset 

consisting of N posts from the seventeen destinations. Support(𝐴𝑑) of attribute A at 

destination d,  was defined as the proportion of posts p in the dataset T. 

Support(𝐴𝑑) =  
  [ p∈ T;  𝐴𝑑 ⊆ p ]

N
                                                       Equation  4 

 

The scale of importance needs to be from 0 to 5 (5 being the most important attribute) 

to match the performance scale. Equation 5 was created to adjust the scale, 𝑎𝑛𝑑 𝑚𝑎𝑥 (𝑁𝐴𝑑) 

represents the maximum times one attribute (A) was mentioned at a specific destination d.  

Importance(𝐴𝑑)=5 * 
[p ∈ T;𝐴𝑑 ⊆p ]

[max(NAd)]    
                                                Equation 5 

 

 

 Limitations of the method 

There were some limitations related to data collection in this work. Sydney was used 

as a keyword and a list of users who posted while visiting Sydney was identified. The travel 

patterns of these users were tracked to explore visitor satisfaction across a range of Australian 
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destinations. It was understood that not all visitors include Sydney as a destination although it 

was identified as the most popular destination for Chinese visitors. It was also possible that 

the final sample may have included residents of Australia who were Chinese and happened to 

travel to other destinations. It is suggested that deeper analysis, including longer data 

collection, may more clearly separate visitors from local residents. 

The age distribution of the social media users was also skewed towards a younger 

demographic. A Weibo user report suggests that 40% of users were aged between 23-30, 35% 

of users were aged 18-22, while only 5% of users were older than 41 years of age (Weibo, 

2018).   

There has been little evidence that social media reflects reality, therefore, the 

Importance-Performance analysis may not capture the true feelings of visitors. Based on 

social comparison theory that people need to compare with others for self-evaluation 

(Festinger, 1954). Y.Liu et al. (2019) adopted this theory and suggested that 

Millennial’svisitors showed “social media envy” towards others’ positive travel experiences 

on social media. However, Y. Chen and Li, (2018) measured tourist happiness via their travel 

behaviour at the destinations and implied that destination images and service quality could 

improve visitors’ satisfaction within their own lives.  To ensure the accuracy of the 

satisfaction assessment obtained from social media, it would be necessary to correlate results 

with other methods. 

 

 Results 

The presentation of the results is structured as follows. The section commences with 

an illustrative example of importance and performance values (full results are provided in 

Appendix B). This is followed by a table (Table 7.5) which presents the IPA results 
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combining the identified destinations and attributes. Finally, to investigate how destinations 

perform in relation to each attribute, an IPA was conducted for each destination and attribute. 

7.7.1. Results of importance and performance values, using Sydney as an example 

Based on sentiment analysis and the Support algorithm, performance and importance 

values for every attribute and each destination were calculated. Due to the number of results, 

Sydney was selected as an example to demonstrate the results, shown in Table 7.4. The full 

results for all destinations are provided in Appendix B. 

The results showed that the two-digit postcode 20 had the most relevant posts related 

to the different attributes.  

Table 7.4 presents the calculations of the performance and importance scores. 

According to Equation 5, the 𝑚𝑎𝑥 (𝑇𝐴𝑑)( the maximum times one attribute (A) was 

mentioned at a specific destination d) for postcode 20 was 665 for the Activities attribute. If 

an attribute was not mentioned within a destination d, the importance was assigned as 0.  

Table 7.4 Sample value for performance and importance in Sydney as a destination 

Two-digit 

postcode 

Nearest 

urban centre 

Attributes Number 

of posts 

Performance  Importance 

20 Sydney  Accommodation 64 3.3164 0.48 

20 Sydney  Activities 665 3.3323 5 

20 Sydney  Food_ Drink 371 3.2524 2.79 

20 Sydney  Nature 608 3.2905 4.57 

20 Sydney  Shopping 31 3.4691 0.23 

20 Sydney  Transportation 187 3.1692 1.41 

20 Sydney  Wildlife 167 3.3152 1.26 

20 Sydney  Work_study 272 3.302 2.05 
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7.7.2. Comparing data-centred and scale-centred methods to map the IPA results  

Both the data-centred and scaled-centred methods to map the IPA results have 

individual advantages. Lai & Hitchcock (2015) suggest that the data will decide what should 

be the most appropriate way to map the IPA results. The overall national picture was used to 

assess which method would best suit the IPA results within this study. In Figure 7.7, 

Destinations were omitted to form a national picture, and seven attributes were mapped on a 

two-dimensional grid that comprised of four quadrants. Figure 7.7a used a data-centred 

mapping method, while Figure 7.7b shows the results of the scaled-centred mapping results. 

The data-centred mapping method demonstrated more informative results in relation to the 

distribution of the attributes. Therefore, the data-centred method was chosen to conduct a 

detailed analysis of each destination.  

 

Figure 7.7a Data-centred method of IPA Figure 7.7b Scale-centred method of IPA 
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7.7.3. Using the data-centred method to map and interpret the IPA results  

Reflecting on the eight attributes within the seventeen identified destinations, there 

was a total of 136 attribute-destination combinations. The data-centred method was applied to 

show the IPA results to assess satisfaction within each destination’s specific attributes. The 

detailed findings are listed and elaborated below, while detailed IPA results are shown in 

Table 7.5. 

Generally, there were more well-performing than poorly performing attribute-

destination combinations, with eighty-four combinations (out of 136 attribute-destination 

combinations) demonstrating greater than average performance. This result demonstrated that 

Chinese visitors had a more positive experience in Australia. However, visitors’ attitudes 

could also influence a positive experience when posting on social media. For example,  Chen 

and Li, (2018) suggested that tourists were reluctant to relate travel experiences negatively. 

This may be to a destinations advantage as according to the social media envy theory, 

Millennials’ may be motivated to visit a destination by others’ positive experiences shared on 

social media.  

The majority of attribute-destination combinations had a lower importance than the 

average importance value. This result suggested that Chinese visitors did not place high 

importance on attributes other than Nature (as all destinations had high importance for 

Nature). This may also indicate that the main attraction for Chinese visitors to Australia was 

Nature. It may also be the case that the visitors had little other knowledge of Australia and 

therefore were unsure what to expect.  

Food_drink appeared to be an ambiguous attribute, although this may not be 

surprising given differing food culture preferences. Five destinations were rated as 

underperforming. However, five other destinations recorded completely satisfied responses. 
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Table 7.5 Distribution of attribute-destination combinations of the IPA result 

Quadrant explanation Attributes Number of destinations Total numbers  

Under performance 

Quadrant A 

Food_Drink 5 16 

Nature 4 

Activities 2 

Transportation 2 

Wildlife 2 

Accommodation 1 

Keep up the good work 

Quadrant B 

Nature 13 38 

Activities 8 

Food_Drink 5 

Wildlife 5 

Work_study 5 

Transportation 2 

Low priority 

Quadrant C 

Accommodation 9 36 

Shopping 7 

Food_drink 6 

Transportation 6 

Work_study 4 

Activities 3 

Wildlife 1 

Possible overkill 

Quadrant D 

Shopping 10 46 

 

 

 

 

 

Wildlife 9 

Work_study 8 

Accommodation 7 

Transportation 7 

Activities 4 

Food_Drink 1 
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7.7.4. Importance and performance analysis for the individual attributes    

IPA was conducted for all destinations with each attribute individually using the 

proposed method. Figure 7.8a shows the result for Accommodation. All seventeen 

destinations had related posts, although none of the locations appeared in Quadrant B. It 

appears that Accommodation was not a very important attribute for the Chinese visitors, nor 

were visitors were very satisfied with the Accommodation. However, as Canberra is 

Australia's capital city, it is possible that travel is more business related than leisure, and 

therefore the experiences may differ. Activities were also mentioned across all destinations, 

suggesting activities were a popular topic for Chinese visitors. Figure 7.8b demonstrates that 

the majority of destinations achieved high satisfaction, with seven destinations being located 

in Quadrant B. In contrast, three destinations fell into Quadrant C, indicating low satisfaction  

 

Figure 7.8b IPA plot for Activities Figure 7.8a IPA plot for Accommodation 

 



 

140 

 

Food_drink was another popular topic discussed for all seventeen destinations, 

although in most destinations it was assigned to the Low priority Quadrant C and Quadrant B 

for five destinations (Figure 7.8c). Sydney and Melbourne where the two most popular 

destinations in Australia, with very positive trends concerning Food_drink (placed in 

Quadrant B, Keep up good work). Similarly, Coffs Harbour and the Central Coast, two 

destinations close to the Sydney, were assigned to Quadrant B. Although Hobart and 

Launceston showed the same importance, Hobart reflected underperformance in comparison 

with Launceston. Only one destination (Geelong area) showed Possible overkill. In general, 

Food_drink did not exceed performance.  

Figure 7.8d shows the IPA for Nature in Australia. All destinations recorded high 

importance for Nature, which indicates that Nature is the major attraction among all 

identified attributes. Only four destinations registered Under performance yet maintained 

high importance. The majority of destinations showed high performance and high 

importance. The finding suggests that Nature is an important attribute for Australia and 

performs very well. This finding may be of value for Australian marketing, where increased 

focus may be placed on this aspect when marketing to Chinese visitors.  
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Figure 7.8e demonstrates opposite results to Nature, where Shopping recorded low 

importance for all destinations, especially Darwin, Wollongong, and Brisbane where there 

were no posts related to Shopping (Importance = 0). Although low importance was given to 

ten destinations, they were located in the Possible overkill Quadrant D, especially for the 

Gold Coast area, which suggested that visitors placed little importance on Shopping at the 

Gold Coast, despite Shopping experience receiving high performance. Transportation (Figure 

7.8f) was not discussed in the Wagga Wagga area, and the majority of the other destinations 

presented as low importance. Only Brisbane and the Central Coast area were located in 

Quadrant B, while Melbourne and Launceston were located in Quadrant A. 

 

 

Figure 7.8c Mapping IPA plot for Food_drink Figure 7.8d IPA plot for Nature 
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Figure 7.8g shows that the majority of destinations performed well in relation to 

Wildlife. Nine destinations were located in Quadrant D, indicating Possible overkill, and five 

destinations in Quadrant B. Wollongong recorded the highest importance (Importance = 5) 

yet received very low performance. Canberra showed similar results and was placed in the 

Under performance Quadrant.  

 

 

 

 

 

 

 

Figure 7.8e IPA plot for Shopping Figure 7.8f IPA plot for Transportation 
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Figure 7.8h presents the results for Work_study, with most destinations demonstrated 

low importance, although eight destinations were Possible overkill due to low importance and 

high performance for the attribute. Only Brisbane, Sydney, and the Central Coast were 

assigned to the Keep up good work Quadrant. There was no discussion related to Work_study 

in Darwin or Launceston, which could suggest that the interest of working or studying in 

these two area is extremely low.  

 

 

 

 

 

 

Figure 7.8g IPA plot for Wildlife Figure 7.8h IPA plot for Work_Study 
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 Discussion  

7.8.1. Innovation within the proposed method 

The proposed innovative method for conducting IPA includes the following 

contributions. Social media data has been found to be the main big data source for tourism 

and hospitality research (J. Li et al., 2018), therefore this research extracted social media data 

to conduct the IPA. Social media shares the characteristics of the 4V’s (Volume, Variety, 

Velocity, Veracity) of big data (Stantic & Pokorný, 2014). Volume, as social media provides 

a vast volume of data. Weibo presents as an obvious example with almost 200 million posts 

related to the topic of travel (Weibo, 2018). Social media also offers a Variety of data types 

with rich content, including text posts, images, geo-locations, and the time of the post. Social 

media can provide Velocity with up to date information. In relation to veracity, social media 

data requires careful pre-processing to extract relevant data only. Within this paper, steps 

were taken to extract only relevant visitors’ posts. Posts required a geo-location to ensure 

they were generated from identified destinations in Australia. To ensure users were visitors, 

posts of users needed to appear at least three different identified destinations. This step was 

necessary as the literature shows that local and visitor travel patterns and opinions differ 

(Salas-Olmedo et al., 2018). 

The study also proposed an innovative method which indirectly measured the value of 

importance and performance from the social media data. Performance was calculated using 

sentiment analysis based on a lexicon, by converting text to a sentiment polarity. Indirectly 

calculating sentiment as performance may avoid self-report bias, Lai and Hitchcock (2015) 

criticised that direct measurement method sometimes inflates the value. The importance was 

measured by association rule mining Support. The innovative method for importance 

measurement considers the number of posts separately for each destination rather than the 
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number of posts for all destinations, which provides greater accuracy as not all attributes 

receive the same attention at different destinations. For example, in Darwin, there were no 

posts related to Work_study, but Sydney had 272 posts, therefore, considering importance 

based on each destination is essential.  

 

7.8.2. A comparison of Chinese visitor satisfaction from social media and surveys  

Results from the proposed IPA method relying on Weibo social media were compared 

with a survey undertaken by Tourism Research Australia (TRA) in 2014. TRA surveyed 3606 

Chinese holiday visitors and business travellers from January 2 to June 30, 2013 (Tourism 

Research Australia, 2014). It was found that attractions had a 77% satisfaction rating, and 

44% of Chinese visitors cited Australia’s natural environment as its best feature. The results 

of this work reflect the survey results. For example, it was found that Nature had the highest 

performance and importance in general (Figure 7.7a), also had high importance and 

performance in all identified destinations (Figure 7.8d). TRA research also included water-

based activities and wildlife within nature-based experiences, which also received very high 

satisfaction (88% of visitors said their expectations were met or exceeded). Findings of this 

research are aligned with TRA results as Nature ranked high satisfaction, followed by 

Activities and Wildlife.  

TRA found low satisfaction related to shopping at 16%, and this work also showed 

that all identified destinations demonstrated low importance for the Shopping attribute. This 

work further supports these findings in Figure 7.8e, where nine destinations recorded high 

performance with low importance and five destinations in the low priority quadrant.  

The proposed method also presented differing results to TRA research. For example, 

the TRA research suggested that accommodation and transportation recording high 
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satisfaction at 73%   and 72% respectively. However, the IPA results from this work showed 

low importance for Accommodation in most destinations except for Canberra (Figure 7.8a). 

Similarly, Transportation (Figure 7.8f) also showed extremely low importance and the 

majority (ten) of destinations were in the Possible overkill Quadrant.  

TRA also suggested that the visitors departing from Brisbane had the highest 

satisfaction (41% in Brisbane, 40% for Sydney and Melbourne, and 37% for the Gold Coast). 

When reflecting on the destinations placed in Quadrant B across all attributes (high 

importance and high performance) within this study, Brisbane showed in Quadrant B for five 

attributes (Nature, Work_study, Wildlife, Transportation, Activities), which indicated that 

Chinese visitors had satisfying travel experiences in Brisbane.  

Social media data has been demonstrated to have advantages over traditional surveys. 

However, the work does not propose replacing survey methods, as social media data is also 

subject to bias (details in next sub-section). In terms of data collection, social media data can 

be temporally and spatially much more granular than surveys. Future work could also analyse 

posted images, which would help identify the preferred type of wildlife, or what aspect of 

nature individuals talk about most (e.g. Scott, Le, Becken, & Connolly, 2020). The IPA 

results may also help Australian tourism to better understand Chinese visitors and assist with 

tourism recovery post COVID-19. 

7.8.3. Critical reflections and future work 

It is recognised that social media data contains bias and acknowledges that not all 

Chinese visitors use Weibo to share their travel experiences. Weibo users are also 

predominantly aged between 23 to 30 (40%) and 18 -22 (35%), therefore the opinions of the 

visitors reflect those of younger individuals (Statista, 2020a).  
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The validation of the IPA results was also recommended within the literature. Lai and 

Hitchcock (2015) suggested that the validation of results can identify significant gaps 

between the importance and performance. However, in this analysis, such validation was not 

conducted for two reasons. Table 7.5 and Figure 7.7 indicated a diversity of trends when 

using the data-centred method to plot IPA. It is also suggested that the calculation of 

performance and importance were conducted indirectly through sentiment analysis and 

association rule mining and thus, the methodology has been validated as it generated a 

reasonable results.  

For identifying the attributes, the key terms were identified from among the top 500 

words within posts through the application of MapReduce. There is the possibility that some 

terms were missed as they were not frequently discussed. Individuals may also use various 

styles of words when they share content, so there may be bias within the attributes.  

Future work could involve more advanced data mining methods to identify different 

age groups and terms used. Manual annotation may also be required to explore terms related 

to the attributes. Even though users do not directly mention words related to an attribute, for 

example Accommodation is not only identified by hotel names or accommodation type 

(Airbnb, backpackers), but terms such as beds or pillows may also be considered to identify 

accommodation attributes.  

 Conclusion 

In this paper, an innovative approach to implement IPA that relies on social media 

data was proposed to assess visitor satisfaction. The approach indirectly calculated 

performance by conducting a sentiment analysis and adopted the association rule mining 

algorithm for importance identification. The approach proposed that importance should be a 

relative value and therefore, the frequency of the attributes should be taken into 
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consideration. Bi et al. (2019) claimed to have the first paper to conduct IPA using online 

review data, this research to our best knowledge is the first research to conduct IPA using 

social media data. Online reviews are different from social media as the research objectives 

are known with an online review (e.g. Hotel review or restaurant review). However, social 

media data requires pre-processing to extract the relevant data. Online reviews also include a 

rated score as a reference to the measure of importance (Bi et al. 2019), whereas social media 

data is mainly text-based within a geo-location, with no direct importance measure.   

This approach is proposed as an additional method that uses social media data 

providing access to a larger volume of data, flexibility in data collection, higher spatial and 

temporal granularity of data with lower costs, and offers near real-time assessment. However, 

it should not fully replace survey methods, where interviews can provide greater depth. 

Findings reflected similar results based on survey data, which is encouraging evidence that it 

may provide valuable information for tourism management to improve or focus on 

promotional strategies. 

While this work focused on a case study of Chinese visitors in Australia to test the 

IPA, the proposed methods can be extended to other regions with different attributes and 

destinations and apply data from other social media platforms.  
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 Discussion and conclusion 

This thesis aimed to understand visitors’ travel patterns by harnessing social media 

data and applying big data analytics. By adopting data from social media, the mobility of 

tourists was analysed on a broad and flexible scales in terms of destinations and timeline. The 

rich information from social media, such as text and user details, provided the opportunity to 

understand the visitors' satisfaction with the destinations.  

To achieve these aims, five research objectives (RO) were identified and answered by 

five induvial but interconnected manuscripts (Chapters three to seven). The case studies in 

this thesis focused on Chinese visitors’ travel patterns and their satisfaction with destinations 

in Australia while relying on Weibo social media; however, proposed methods can be 

extended to other regions, different granularities, and other social media platforms. The 

concluding chapter presented the critical findings and insights, which provided 

methodological, theoretical and practical implications.  This chapter also discussed the 

research contribution, limitations and provided advice for future research directions. 

 Key findings in response to research questions 

At first, this thesis clarified the work's scope, motivation, and significance and, based 

on systematic qualitative and quantitative literature review related to tourist mobility and social 

media, posed five research objectives. Results showed that despite many social media 

platforms are available for data collection,  Flickr was the most commonly used, followed by 

Twitter and Instagram. Weibo also emerged as a popular source for visitor travel pattern 

studies but mainly focused on Chinese users. The review revealed some of the gaps related to 

various geographic scales of tourist mobility. The city-scale has been the most frequently 

considered, confirming Caldeira and Kastenholz’ (2019) observation that analysis of visitors’ 

travel patterns has been limited to the local and regional scale. Social media provides high-
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resolution data for spatial and temporal itineraries, and with the flexibility of data collection 

options, social media data presents a good opportunity to expand the scales both from the 

spatial and temporal point of view.  

The implication of the review reminds us that recognising the proper information 

source is very important. In this case, distinguishing social media users between locals and 

visitors are particularly critical for future studies. The review identified the gap in the absence 

of theoretical contributions of analysing visitors’ travel patterns using social media. In fields 

such as the empirical sciences, big data analytics is considered a mostly data-driven 

approach, and methodological contributions are as valuable as theoretical contributions 

(Mazanec, 2020). In line with this observation, most of the identified papers were data-

driven, with only a few specifying a theoretic foundation that informed the research approach 

or questions. It would seem beneficial to encourage tourism researchers to collaborate more 

with colleagues from other disciplines such as computer and information science, which may 

further advance the data analysis methods and contribute to theory development.  The review 

also identified limitations and challenges of using social media to understand visitors’ travel 

patterns. For example,  how data could reflect a full journey and how to identify a complete 

itinerary of the tourists is still an open research question that needs attention. 

Following the understanding from literature, this thesis conducted four studies to 

analyse visitors’ travel patterns relying on social media data. 

 The first study (Chapter 4)  adopted social network analysis to understand the travel patterns 

and investigated the applicability of the core-periphery theory. Several sub-tasks were 

identified to achieve these aims, and a case study of Chinese visitors’ travel patterns in 

Australia, extracted from social media Weibo, was conducted. This work selected ten 

Australian cities as destinations and applied social network analysis to examine the 

destinations' connection from a visitors’ perspective.  A network was created to visualise the 
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direct connections between destinations based on degree centrality. It was found that most 

Chinese visitors travelled to two different places within ten selected destinations, but they 

displayed unique itineraries when they travelled to three selected destinations. Understanding 

these patterns and perhaps the factors that drive travel motivation is important for airline 

schedule development and for tourism bodies wishing to develop the Chinese market further. 

This research also looked to identify the nature of the destination as a core, semi-core, or 

periphery from different itinerary lengths. By grouping the length and the unique travel 

itineraries, different core-periphery travel patterns were discovered, which proved that the 

length of itinerary could influence core-periphery structures and may help tourism 

organisations to offer a compilation of destinations that meet specific market interests. 

The literature review emphasised that one of the main advantages of applying social 

media data to understand tourist mobility is the flexibility of data collection, which could 

expand the research focus from local destinations to a broader scale. Therefore the second 

manuscript (Chapter 5) presented a novel way to track visitors’ mobility by social media. The 

case study undertook Chinese visitors’ travel patterns globally while visiting Australia as an 

example. Twelve regions were identified from Chinese visitors’ travel patterns after (or 

before) they visited Australia, and a Sankey diagram was created to visualise the travel flows 

between regions. All twelve regions showed a direct connection with Australia in the Sankey 

diagram, and a total of 42.9% of visitors departed from Australia, with most (34.8%) 

travelled directly to China. The results also revealed that the majority of Chinese visitors 

when visiting Australia travelled directly from China to Australia (76.2%).  

The findings provided an advanced understanding of the visitors’ mobility hence 

confirming the possibility of delivering a larger-than-country perspective on visitors flows 

based on social media data. Understanding the global mobility of visitors is not only of 
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interest to destinations but also of relevance to a range of international decision-makers, 

including those related to health organisations.  

 Another advantage of applying social media data is that additional information, 

especially text and geo-location, can be harnessed to understand the satisfaction of the 

destinations, ultimately to understand the satisfaction of the different travel patterns.  

  Consumer satisfaction assessments by Importance-Performance analysis usually rely 

on traditional data collection approaches, such as surveys and opinion polls, where the value 

of importance and performance can be directly obtained. However, social media data cannot 

directly interpret importance and performance values; therefore, indirect measurement is 

needed. As social media posts contain text, it was decided to calculate sentiment polarity 

from social media to measure performance. However, a lack of suitable methods restricted 

progress, so a lexicon-based method that specifically calculated the sentiment polarity of the 

Chinese language was developed.  

A sentiment analysis method for Chinese language was proposed relying on lexicon 

was proposed in  Chapter 6. A comprehensive lexicon with over 40,000 phrases with 

associated weight was compiled for the Chinese language to perform sentiment analysis. The 

innovation of the new method takes the length of sentences and the number of identified 

lexicon phrases into consideration, which reduces the bias on sentiment results. Finally, the 

applicability of the proposed method for social media data collection and sentiment polarity 

calculation was demonstrated in a case study, where Chinese visitors in their posts on Weibo 

mentioned in Chinese language the phrase “Great Barrier Reef”.  

Building on the sentiment analysis method, a novel approach to conducting 

Importance-Performance analysis (IPA) was proposed to explore the fifth research objective 

(Chapter 7). The proposed approach relied on social media data and the attributes of interest 

to be assessed, where importance and performance were indirectly calculated. The 
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performance was calculated using sentiment analysis, which reduces the self-reported bias. 

Importance was indirectly measured by adjusted association rule mining Support. The case 

study continued to focus on Chinese visitors in Australia and Weibo as the social media data 

source. Seventeen areas were identified as destinations based on Weibo geo-location data: 

Sydney area; Melbourne area; Central Coast regionGold Coast area; Cairns area; Geelong 

area (with Great Ocean Road attraction); Brisbane area; Wagga Wagga (with Blue Mountains 

attraction); Wollongong area; Canberra area; Albury area; Coffs Harbour area; Adelaide; 

Hobart; Launceston; Perth; Darwin. Eight relevant attributes of visitor interests were also 

identified from social media text: Nature; Activities; Wildlife; Food_drink; Accommodation; 

Transportation; Shopping; and Work_study. Each destination was analysed by Importance-

Performance Analysis to identify the satisfaction of the tourists in destinations. It was found 

that Nature was the highest satisfaction across all destinations, followed by Activities and 

Wildlife. While Shopping was shown to have low satisfaction.  

This thesis demonstrated the understanding of tourist mobility using big data analytics 

by analysing social media data.  The overall aim of the dissertation was to identify new 

approaches to map visitor travel patterns and assess visitor satisfaction within the travel 

pattern. The research also aimed to provide confidence that social media and big data 

analytics can be adopted to advance the knowledge on visitor travel patterns. 
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 Contributions of the Thesis 

This thesis advanced knowledge of visitors’ travel patterns and provided 

methodological, theoretical and practical contributions regarding how big data analytics and 

social media data can be adopted well for mobility and tourism studies. Regarding 

methodological contributions, it designed algorithms to exact travel patterns from social 

media data and analyse travel patterns through social network analysis. In addition, it 

introduced a method to conduct sentiment polarity calculation focusing on Chinese language, 

which was applied to Importance-Performance analysis to assess visitor satisfaction. 

Theoretical contributions focused on advancing the core-periphery theory in analysing travel 

patterns. The thesis also provided practical implications for tourism industry marketing to 

design travel routes and better understand visitors’ satisfaction. 

8.2.1. Methodological implications 

Methodological contributions included designing novel algorithms to exact travel 

patterns from social media data, applying social network analysis to investigate visitors’ 

travel networks, building lexicon-based sentiment analysis that focused on Chinese language, 

and proposing a new method for Importance-Performance analysis. A big data analytics 

framework was introduced that integrates the social media data, methods, and visualisation 

technologies that can be applied to analyse travel patterns. The framework is not limited to 

the case study of Chinese visitors in Australia, but it is also applicable to any visitors and 

regions when appropriate data sources are considered.  

This thesis created rules on extracting travel patterns from social media data, shown in 

Figure 8.1, and steps are listed and elaborated below:  

1. Posts that mentioned considered destination names were extracted from social media. 
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2. Geo-location (Latitude; Longitude) must be attached to the posts to track where the 

posts were generated.  

3. Geo-location needs to be within the bounding box of mentioned destinations. This step 

ensures that posts were made when visitors were at the destinations, which reduces the 

chances that posts were related to advertisements or promotions for the destinations.  

4. Visitors identified in step 3 must appear at least at two (applied in chapters 4 and 5) 

destinations in the proposed timeline, to increase the chance that the posts are from 

visitors instead of local residents. Based on the previous research experience and to 

further increase the chance that the posts are from visitors, chapter 7 constrained 

visitors to appear at a minimum of three destinations.   

 

 

Figure 8.1  Rules and algorithms to exact travel patterns from social media data 
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Furthermore, the methodological contribution is related to introducing indirect 

methods to conduct Importance-Performance analysis to assess visitors’ satisfaction, which 

could provide insights into why certain destinations and what attributes attract visitors. 

Performance and importance values are not directly embedded in social media data, 

so they needed to be identified indirectly. The sentiment analysis, which converts text to a 

sentiment polarity, was proposed for calculating performance value. Indirectly calculating 

performance using sentiment could also avoid self-reported bias as Lai and Hitchcock (2015) 

criticised that the direct measurement method sometimes inflates the value.  

The newly introduced adjusted association rule mining - support concept was applied 

to measure the value of importance. The proposed method measures importance based on the 

frequency of the attributes at each destination, grounded on salience theory (Kaplan & 

Martin, 1969) that important attributes are believed to be salient (Oh, 2001).  

8.2.2. Theoretical implications 

This thesis advanced the core-periphery theory in travel patterns. Specific 

contributions related to the core-periphery theory are:  

• Measuring the core, semi-core or periphery status of destinations from visitors’ points 

of view using their travel itineraries. 

• Proving that the length of the itinerary could influence the position of the destination 

as core, semi-core or periphery.  

Originally, the core-periphery theory was applied in the development of the cities 

(Friedmann, 1966) and international trade networks (Christopher, 1998). Both cases showed 

an inequality structure of the city development and the world economy. This work also 
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adopted this theory in the visitors’ travel patterns since inequality also exists among 

destinations, as some destinations suffer from over-tourism while others need more visitors 

(Liao & Wei, 2012; Saarinen et al., 2017; Wei et al., 2020).   

This study recognised the core, semi-core or periphery destinations and examined 

how visitors travelled among them in different length of itineraries. Instead of using the 

identity of the city (e.g. first-tier cities or capital cities), this work explored the characteristics 

of the destination from visitors’ point of view to identify a core or periphery status of 

destinations. The results showed that visitors define the role of a destination as core, semi-

core or periphery regardless of the geographical distance of the destinations. Also, in the 

majority of instances, the length of the itineraries affects the core-periphery structures. 

Therefore when applying core-periphery theory in analysing visitors’ travel patterns, the 

length of itineraries should be considered.  

8.2.3. Practical implications  

This thesis also offers practical implications for the tourism industry, marketing experts, and 

destination managers. All case studies of the thesis focusing on Chinese visitors in Australia 

because Australia is one of the most popular destinations for Chinese visitors; more 

importantly,  China was the top tourist market for Australia. For example, 1.3 million 

Chinese tourists visited Australia, which contributed 12.4 billion dollars to the Australian 

economy in 2019 (Tourism Research Australia, 2019). However, due to travel restrictions 

under COVID-19, Chinese arrivals into Australia decreased by 90% in February 2020 

(Australian Bureau of Statistics, 2020). 

Despite the importance of the Chinese market for Australia, limited attention has been paid to 

studying the details of Chinese demand (Pham et al., 2017). Therefore, insight into Chinese 

tourists’ opinions, travel patterns, and motivations is essential for the Australian tourism 
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sector. However, for many tourism stakeholders and researchers, this is difficult because of 

language barriers. Research by Tourism Research Australia (2014) found that 77% of 

Chinese visitors could not speak English well or not at all. While Chinese visitors are very 

active social media users, they typically use Chinese platforms rather than those commonly 

used by other English-speaking visitors. In order to obtain the opinion of Chinese tourists, it 

is proposed to draw on Sina Weibo. 

 Discussions on tourism recovery have been ongoing (Tourism Australia, 2020; Yang, 2020). 

To be ready to embrace international tourists in post-pandemic, gaining insights into Chinese 

visitors’ dispersal and travel preferences is important. Creating linkages and alliances among 

regions globally can improve market competitiveness, especially with Covid-19, tracking 

visitors’ movements and understanding the travel flow could help tourism recovery.  

Considering that the case studies for the thesis focused on Chinese visitors’ travel pattern in 

Australia, many aspects of the findings could help international tourism marketing in 

Australia to compose evidence-based travel programs and cover a range of different 

destinations.  

Findings indicated that Chinese visitors mostly travelled to only two selected 

destinations within the ten selected destinations in Australia. However, they mostly had 

unique itineraries when they travelled to three identified destinations. Identifying and 

understanding such patterns and maybe what drives them in terms of travel motivations are 

important for the tourism industry to compile packages for Chinese tourists and airlines to 

alter their paths and schedules.  

Results also showed that Chinese visitors commonly started their trips from core 

destinations, which was probably driven by the main international airline connections. 

However, there were still a considerable number of Chinese visitors that started their trips 

from peripheral destinations, or they included periphery destinations in their itineraries. 
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Identification of these destinations and their connections could be valuable information for 

the Australian tourism industry and provide confidence to attract Chinese visitors to regional 

destinations and open new regional tourism aspects. 

Regarding Australia’s international connections, twelve countries/regions were found 

directly connected with Australia in Chinese visitors’ travel itineraries. Results show that 

Australia served the best as a gateway for Chinese visitors; about 42.9% departed from 

Australia, and most of them (34.8%) travelled to China. The second-largest travel flow was 

from Australia to New Zealand, and only 3.1% departed for other countries to Southeast 

Asia. This analysis provided insights into the mobility of visitors globally, which could be 

useful for international tourism markets, border securities, visa policies, and economic 

alliances.  

This thesis not only explored the visitors’ travel patterns but also analysed satisfaction 

based on the travel itineraries extracted from social media. A novel method was applied to 

conduct Importance-Performance analysis. The results found that Nature was the best 

performing attribute, with all identified destinations having high importance and performance 

value across all destinations. On the contrary, all destinations had low importance for 

Shopping despite performance for several destinations was higher than the average, which 

indicated the trend of Possible overkill. Finding from Importance-Performance analysis could 

provide valuable advice for the Australian tourism industry to promote Australia as a 

destination to Chinese visitors. Also, the results could be guidelines for some strategic advice 

to improve tourism management. For example, attributes with a high satisfaction level could 

be used as driving attribute for marketing destinations. Those attributes that mainly showed 

the Overkill trend (such as Shopping and Wildlife ) should be promoted more since they have 

already received high performance.  
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 Limitations of the research  

This research’s limitations are mainly related to the data collection and the credibility 

of social media data. Concerning the data collection, it is acknowledged that not all Chinese 

visitors use Weibo to share their travel experiences. So the data sample could not represent 

visitors who are not active on social media. Also, the age distribution of Weibo users is 

skewed toward the younger population. Therefore further work would be required to 

determine potential differences between younger and mature travellers. When Sydney was 

used as an initial keyword, a list of users posted while visiting Sydney was identified. It is 

understood that not necessarily all Chinese visitors would visit and post on Weibo in Sydney. 

Therefore, those visitors were missed in the analysis.  

Using social media as a data source made the process of separating visitors from local 

users more challenging. Therefore the final data sample may also contain residents of 

Australia who are Chinese and posted on Weibo but who happened to travel to other 

destinations in the proposed timeline. It is suggested that deeper analysis and a longer 

duration of data collection may more clearly reveal real visitors. However, to minimise the 

chance that the travel patterns are not from locals, this work proposed that visitors should 

visit a minimum of two or three identified destinations in the proposed timeline. 

Finally, some limitations are related to uncertainty regarding how social media 

reflects reality and provides a full account of what visitors have done, how they felt about it, 

and how it affected their overall satisfaction. For example, social media content that people 

generated creates their “persona” and a “virtual self” that is idealised, but not necessarily the 

same as their “real self”. However, this is an interesting social science question itself but 

beyond the research objectives of this thesis. 
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 Directions for future research 

The findings from this thesis, along with contributions and limitations, pointed out 

some possible avenues for further investigation on travel patterns regarding big data analytics 

and social media data. The potential for future research is discussed below. 

The literature indicated that research using social media to assess visitors’ travel 

patterns is multidisciplinary work but significantly driven by computer science and 

geographic information science. While grounds could be obvious and related to the nature 

and the technological challenge of data collection and analytics, more contributions from 

tourism research experts would be beneficial. 

Another aspect is that most of the work related to travel patterns while harnessing 

social media data were data-riven, and limited work specified a theory that informed the 

research approach or questions. However, many researchers suggested that theoretical 

insights should be considered as it can help to guide the design of research. To further 

increase the value of data analysis of social media and geographic information embedded in,  

the future research should also be more grounded in theory and designed to contribute 

positively to tourism managers’ decision-making. 

Social media has the potential to become one of the main sources of data for tourism 

research, therefore, new technologies and new data analytics methods need to be designed in 

consultation with tourism researchers to capture relevant data and perform data analysis so 

that the valuable tourism research questions can be addressed.  

Regarding visitors’ travel patterns, more work that considers multi-country or global 

scale is required. A situation like the current global pandemic highlights the need for larger-

scale research to understand visitors’ travel patterns and identify reasons for driving them.  



 

162 

 

Attractions of interest to visitors could be different from residents, and the travel 

patterns and routines are distinct between locals and visitors; therefore, it is necessary to 

distinguish locals from visitors correctly. However, to achieve this from social media data is 

not simple and despite several methods attempted to address this issue, no proposed method 

is well recognised neither widely accepted, and further work is necessary. 

Another avenue for future work is to investigate whether the selected destination’s 

relative importance truly reflects visitors’ preferences rather than being influenced by 

transport options or tour group schedules. It is required to complement different data sources 

and perform further analyses of visitor experiences and satisfaction. The content of Weibo 

posts (e.g. volume, sentiment, topics) could serve as a suitable data source along with other 

traditional data (e.g. transport schedule, tour options).  

Finally, many factors influence travel patterns, so investigating the dependency of 

visitors’ travel patterns with different factors such as public transport availability or point of 

interest could also provide further insights.  
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Appendix 

Appendix A: List of identified attributes with the associated terms  

 

 



 

193 

 

Nature/ 

attractions 

(Nature) 

Activities Wildlife Food/ 

drink 

Accommodation Transport Shopping Work/ 

study 

Beach 

沙滩海滩 

Coastal 

海岸 

Wave海浪 

Harbour 

海港 

Sea wind 

海风 

Ocean 大

海 

Ocean 

view海景 

Nature 

大自然 

Rainbow 

彩虹 

Sunrise 日

出 

Dawn 

黄昏 

Sunset 日

落 

Starlight 

星光 

Forest森林 

Planets 植

物 

Flowers花 

Shoting 

star 

流星 

Rainforest

热带雨林 

Cloud 

白云 

Scenery 

美景风光 

Garden 

Photograph

拍照 

Fireworks 

烟火/礼花 

Gallery/ Art 

博物馆/艺

术/ 

Theme 

parks 

主题公园 

Castle城堡 

Opera 

house 悉尼

歌剧院 

Wheel摩天

轮 

Spring温泉 

Yacht游艇 

Cruise 游

轮 

Snow 

skating 滑

雪 

Concert 演

唱会 

Australia 

Tennise 澳

网 

Lighthouse

灯塔 

Hot air 

balloon 

热气球 

Helicopter 

直升机 

Wharf码头 

Parachuting 

跳伞 

Koala  

考拉 

Kangaroo

袋鼠  

Wales 

鲸鱼 

Penguins 

企鹅 

Zoo 

动物园 

Segal 

海鸥 

Bar 酒吧 

BBQ 烧烤 

Brunch  

早午餐 

Cafe 咖啡

馆 

Cake 蛋糕 

Coffee 咖

啡 

Salmon 

三文鱼  

Afternoon 

tea 

下午茶 

Ice cream 

冰淇淋 

Hotpot 火

锅 

Beer啤酒 

Milktea 

奶茶 

Chocolate 

巧克力 

Ramen 拉

面 

Japanese 

food日料 

Seafood 

海鲜 

Fry 

chicken炸

鸡 

Steak 牛

排 

Beef牛肉 

Red wine 

红酒 

Lamb 羊

Hotel 

酒店 

Airbnb 

民宿 

Apartment公寓 

 

Airport 机

场 

Flights 航

班 

Airplane

飞机 

Train火车 

Train 

station 

火车站 

Road公路 

Terminal

航站楼 

Bus公交 

Shopping 

购物 

逛街 

采购 

Shopping 

centre 

购物中心 

 

University 

大学 

学校 

Company 

公司 

Invest 

投资 

Study 

overseas 

留学 

Immigrant 

移民 

Graduation 

毕业 

Visa签证 

Exam 

考试 

Course 课

程 



 

194 

 

 

Appendix B. Values for the performance and importance of attributes within the 

destinations 

 

First two-

digit 

postcode 

Nearest 

urban 

centre 

Attributes Performance  Importance 

08 Darwin Accommodation 3.1573 0.67 

08 Darwin Activities 3.4874 0.67 

08 Darwin Food_Drink 3.1573 0.67 

08 Darwin Nature 3.4742 5 

08 Darwin Shopping 2.5 0 

08 Darwin Transportation 3.1505 0.33 

08 Darwin Wildlife 4.9161 1 

08 Darwin Work_study 2.5 0 

20 Sydney  Accommodation 3.3164 0.48 

20 Sydney  Activities 3.3323 5 

20 Sydney  Food_Drink 3.2524 2.79 

20 Sydney  Nature 3.2905 4.57 

20 Sydney  Shopping 3.4691 0.23 

20 Sydney  Transportation 3.1692 1.41 

20 Sydney  Wildlife 3.3152 1.26 

20 Sydney  Work_study 3.302 2.05 

22 Central 

Coast  

Accommodation 2.5 0 

22 Central Activities 3.6138 3.89 

花园 

Blue sky 

蓝天 

Mountain

山 

Sunshine

阳光 

 

Roller 

coaster 

过山车 

Winery 酒

庄 

 

肉 

Cheese 芝

士 

strawberry

草莓 

Yogurt 酸

奶 

Bread 面

包 

Noodle 面

条 
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First two-

digit 

postcode 

Nearest 

urban 

centre 

Attributes Performance  Importance 

Coast  

22 Central 

Coast  

Food_Drink 3.3561 4.78 

22 Central 

Coast  

Nature 3.4377 5 

22 Central 

Coast  

Shopping 3.272 0.78 

22 Central 

Coast  

Transportation 3.3526 2.11 

22 Central 

Coast  

Wildlife 3.4744 2.11 

22 Central 

Coast  

Work_study 3.3563 1.89 

24 Coffs 

Harbour 

Accommodation 3.422 0.32 

24 Coffs 

Harbour 

Activities 2.9395 2.13 

24 Coffs 

Harbour 

Food_Drink 3.3942 1.91 

24 Coffs 

Harbour 

Nature 3.0704 5 

24 Coffs 

Harbour 

Shopping 2.905 0.32 

24 Coffs 

Harbour 

Transportation 3.3786 0.43 

24 Coffs 

Harbour 

Wildlife 3.2146 1.91 

24 Coffs 

Harbour 

Work_study 3.4468 0.43 

25 Wollongong Accommodation 2.9688 0.06 

25 Wollongong Activities 2.9147 0.96 

25 Wollongong Food_Drink 2.7979 1.45 

25 Wollongong Nature 2.8371 3.25 

25 Wollongong Shopping 3.4765 0.06 

25 Wollongong Transportation 2.6836 0.3 

25 Wollongong Wildlife 2.6275 5 

25 Wollongong Work_study 3.4595 0.06 

26 Canberra Accommodation 2.8513 2.5 

26 Canberra Activities 3.8831 3.33 

26 Canberra Food_Drink 2.6954 3.75 

26 Canberra Nature 3.6676 3.33 

26 Canberra Shopping 2.5 0.83 

26 Canberra Transportation 3.3703 1.25 
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First two-

digit 

postcode 

Nearest 

urban 

centre 

Attributes Performance  Importance 

26 Canberra Wildlife 2.7694 2.92 

26 Canberra Work_study 3.3888 5 

27 Wagga 

Wagga  

Accommodation 2.9743 0.05 

27 Wagga 

Wagga  

Activities 2.9685 1.37 

27 Wagga 

Wagga  

Food_Drink 3.0999 0.95 

27 Wagga 

Wagga  

Nature 2.911 5 

27 Wagga 

Wagga  

Shopping 3.6099 0.11 

27 Wagga 

Wagga  

Transportation 2.5 0 

27 Wagga 

Wagga  

Wildlife 2.9763 0.42 

27 Wagga 

Wagga  

Work_study 3.4182 0.26 

30 Melbourne  Accommodation 3.2073 0.62 

30 Melbourne  Activities 3.2828 4.17 

30 Melbourne  Food_Drink 3.3583 2.99 

30 Melbourne  Nature 3.361 5 

30 Melbourne  Shopping 3.1433 0.17 

30 Melbourne  Transportation 3.1676 2.14 

30 Melbourne  Wildlife 3.3022 0.66 

30 Melbourne  Work_study 3.3146 1.5 

32 Geelong Accommodation 3.3905 0.13 

32 Geelong Activities 3.3065 0.87 

32 Geelong Food_Drink 3.4109 0.8 

32 Geelong Nature 3.238 5 

32 Geelong Shopping 3.7518 0.03 

32 Geelong Transportation 3.2184 0.67 

32 Geelong Wildlife 3.3908 0.71 

32 Geelong Work_study 3.4826 0.06 

37 Albury  Accommodation 3.4079 0.4 

37 Albury  Activities 3.3207 1.3 

37 Albury  Food_Drink 3.0154 1.4 

37 Albury  Nature 3.3857 5 

37 Albury  Shopping 3.0453 0.2 

37 Albury  Transportation 3.1037 1.1 

37 Albury  Wildlife 3.2694 2.1 
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First two-

digit 

postcode 

Nearest 

urban 

centre 

Attributes Performance  Importance 

37 Albury  Work_study 2.9135 0.2 

40 Brisbane  Accommodation 2.7309 0.74 

40 Brisbane  Activities 3.336 4.71 

40 Brisbane  Food_Drink 3.1304 3.38 

40 Brisbane  Nature 3.2117 5 

40 Brisbane  Shopping 2.5 0 

40 Brisbane  Transportation 3.2933 3.82 

40 Brisbane  Wildlife 3.4045 3.53 

40 Brisbane  Work_study 3.2966 2.35 

42 Gold Coast  Accommodation 3.1895 0.6 

42 Gold Coast  Activities 3.2812 2.1 

42 Gold Coast  Food_Drink 3.153 0.66 

42 Gold Coast  Nature 3.2529 5 

42 Gold Coast  Shopping 3.949 0.09 

42 Gold Coast  Transportation 3.4094 0.84 

42 Gold Coast  Wildlife 3.4793 1.47 

42 Gold Coast  Work_study 3.2375 0.18 

48 Cairns  Accommodation 3.2326 0.92 

48 Cairns  Activities 3.3016 1.74 

48 Cairns  Food_Drink 3.1699 1.91 

48 Cairns  Nature 3.2511 5 

48 Cairns  Shopping 3.4989 0.07 

48 Cairns  Transportation 3.1988 1.32 

48 Cairns  Wildlife 3.6248 0.69 

48 Cairns  Work_study 3.1766 0.13 

50 Adelaide Accommodation 3.0223 0.67 

50 Adelaide Activities 3.3426 3.33 

50 Adelaide Food_Drink 3.0576 2.33 

50 Adelaide Nature 3.3066 5 

50 Adelaide Shopping 3.6539 0.33 

50 Adelaide Transportation 3.5685 1 

50 Adelaide Wildlife 3.5365 2.33 

50 Adelaide Work_study 3.2009 0.83 

60 Perth Accommodation 2.5 0 

60 Perth Activities 2.8945 3.33 

60 Perth Food_Drink 2.9551 1.67 

60 Perth Nature 3.2072 4.17 

60 Perth Shopping 2.5 0.83 

60 Perth Transportation 3.753 0.83 
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First two-

digit 

postcode 

Nearest 

urban 

centre 

Attributes Performance  Importance 

60 Perth Wildlife 4.2588 0.83 

60 Perth Work_study 3.6655 5 

70 Hobart Accommodation 2.7926 0.45 

70 Hobart Activities 3.4385 1.82 

70 Hobart Food_Drink 3.1044 5 

70 Hobart Nature 3.0471 4.55 

70 Hobart Shopping 3.8916 0.45 

70 Hobart Transportation 3.3584 1.14 

70 Hobart Wildlife 3.2125 1.14 

70 Hobart Work_study 3.7415 0.68 

72 Launceston Accommodation 3.6075 0.59 

72 Launceston Activities 2.1833 0.29 

72 Launceston Food_Drink 3.2019 5 

72 Launceston Nature 3.2079 3.24 

72 Launceston Shopping 3.7253 0.29 

72 Launceston Transportation 2.723 2.06 

72 Launceston Wildlife 3.4853 1.18 

72 Launceston Work_study 2.5 0 

 


