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Abstract

:

Identification of tourists’ sentiments is relevant to the destination’s planning. Tourists generate extensive User Generated Content (UGC)—embedding their sentiments—in the form of textual data when sharing experiences on the Internet. These UGC tend to influence tourists’ decision-making, thus, representing an important data source for tourism research and planning. By obtaining data from Mafengwo and Ctrip, sentiment analysis was conducted to shed light on the sentiment tendency of Chinese tourists in seven Pacific Island Countries and Territories (PICTs). Eleven thousand two hundred four reviews were obtained between January and March 2021. The data shows that Chinese tourists’ sentiments towards the PICTs are overall positive. Yet, they pay more attention to practical issues such as transportation, visa and fees, and their sentiment orientations are influenced by tourism resources, weather, and perceived safety. Moreover, the study demonstrates that the needs of Chinese tourists in the region are influenced by their physiology, security, self-esteem, belonging, and self-actualisation needs. The study contributes to theory and practice by constructing an exclusive set of Chinese sentiment lexicons for tourism research based on data from the PICTs. This lexicon complements but also contradicts previous studies. In addition to being relevant for the studied region, it can inform similar destinations that may or may not have a relevant Chinese tourism market.
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1. Introduction


In the context of big data and smart tourism, consumers express their opinions through online evaluation [1]. As a result, online texts—representing User Generated Contents (UGC)—have become influential in tourists’ decision-making and, therefore, an important information source for tourism planning [2]. Furthermore, tourists’ emotional preference is a significant driving force in tourism decision-making [3], and UGC text can reflect tourists’ sentiments about a destination, which can be positive, neutral, or negative. Nevertheless, while previous tourism research—using UGC—has extensively examined tourist satisfaction and perception of a destination (e.g., [4]), it did not provide an in-depth landscape of tourists’ emotional characteristics. Besides, the existing literature on tourism UGC tends to be concentrated at the hotel level and less distributed at the destination level. This delineates a gap within the research stream of destination-based tourists’ sentiments.



Sentiment analysis helps to judge tourists’ emotional experience of the destination [5,6]. This judgement can inform and translate into destination planning and management strategies, meeting consumer needs and expectations [7] through developing a specific set of tourism sentiment lexica [8]. This is because tourist destinations are often unfamiliar environments to the tourist, and the semantic expression in the tourism context may be different from that of daily life. Therefore, sentiment analysis can inform tourist destinations in balancing economic growth and sustainability while promoting a long-term and quality tourism sector. To this extent, this study focuses on PICTs and the sentiment analysis of their growing Chinese tourism market.



The study contributes both to theory and practice. Firstly, an exclusive set of sentiment lexica for PICTs is developed to expand the existing tourist and general emotional dictionary, contributing to a better understanding of tourists’ sentiments in the PICTs and of other similar tourist destinations where common sectoral patterns may be found. Second, by building on cognitive appraisal theory, the study confirms the multi-level characteristics of the tourist needs in destinations, adding to the broader tourism-related literature on this topic. Thirdly, the study adopts a big data analysis method using Python codes to crawl online textual data from Ctrip and Mafengwo sites automatically. This approach improves the accuracy and efficiency of this research while providing a more effective methodological direction to other researchers seeking to conduct sentiment analysis in tourism and beyond. Lastly, and on a more practical level, the sentimental characteristics of Chinese tourists about the PICTs can help tourism enterprises and destination managers to improve tourism services and marketing strategies, ultimately improving tourists’ experience and satisfaction.




2. Literature Review


2.1. Online Reviews in Tourism Research


“The world of tourism is in constant flux and tourism theory needs to be on the move to capture such changes”, Urry and Larsen [9] wrote in their work The Tourist Gaze 3.0, suggesting tourism as a non-static and evolving sector. These sectoral changes also occur in the way/s tourist perceive the visited destinations (e.g., [10]), how their perceptions differ among tourist clusters (e.g., [11]), and how perceptions affect the likelihood of return visits (e.g., [12]) and tourist priorities such as concerning destination safety [13] and destination innovation [14]. Others have pointed to how tourist demand evolves following political changes, such as in urban destinations in post-communist cities of Central and Eastern Europe [15], how visitors’ perceptions and motives relate to visitors’ past experiences, as highlighted in the study of Light et al. [16] in a memorial museum in Romania. Nonetheless, visitors’ perceptions of tourism and destinations are also evolving in line with increasing public awareness of the environmental effects of tourism activities [17].



Understanding tourist perceptions of destinations through sentiment analysis is essential to build a landscape of tourist preferences and priorities to inform tourism planning and policies in line with constant developments and improvements needed by the sector (e.g., smart destinations) [18]. This effort fits with the call for informed destination planning approaches under the shifting needs not only of the supply but also the demand side of the tourism sector [19,20,21].



To this extent, User Generated Content (UGC) is regularly generated by Internet users through visiting web pages, using search engines and social media [22]. UGC data has been widely used in tourism research, especially in the form of online text and photos [23]. Moreover, GPS and transaction data from mobile devices (e.g., Baidu Index, Google trends) have been employed to predict the number of tourists in destinations (e.g., [24,25]). Thus, UGC is gaining increasing relevance and attention in tourism research (e.g., [26,27]). Online reviews on travel websites effectively reflect consumer behaviour and satisfaction [28]. Users assess the quality and satisfaction of the products and services they consume by publishing UGC and obtain further information from others’ UGC [29]. In line with such discussion, research mainly focuses on using online reviews to understand and evaluate the performance of tourism enterprises and tourists’ perception of the destination image. Yet, there is scope in tourism research to analyse online reviews for purposes that go behind current main research topics to develop theoretical and practical recommendations that inform management actions on balancing destination economic growth and sustainability. By mapping tourists’ emotions through online reviews, researchers can generate recommendations on the destination’s social, environmental, and economic aspects.




2.2. Cognitive Appraisal Theory


Emotion valence and tensity have been relevant research subjects in marketing and tourism studies [30]. Cognitive Appraisal Theory, which originated from Appraisal Theory in psychology, holds that emotion is a state of mind that arises from subjective evaluation and understanding of events in different cognitive dimensions [31]. In other words, subjective evaluation, rather than objective events, determines people’s emotional responses [32]. Evaluation is the decisive mechanism for the generation and differentiation of emotions. Specifically, Roseman [33] believes that five types of appraisals determine positive and negative emotions (goal congruency, goal relevance, certainty, coping feasibility, and attribution of responsibility). According to Roseman [34], generated emotions include hope, fear, relaxation, pleasure, sadness, anxiety, depression, like, disgust, anger, guilt, pride, and regret. The cognitive appraisal theory of emotion can distinguish and explain emotions and why individuals have different opinions and emotional experiences towards the same event [35].



Young and Arnold [36] were two psychologists who first proposed that people evaluate their environments. They believe that the evaluation of events is emotional, and the assessment of situational events determines people’s emotions. Scherer [37] further proposed emotional-based evaluation variables to determine the type of emotion. Moreover, the Ortony, Clore, and Collins (OCC) model of emotion proposed by Ortony et al. [38] is the earliest emotion-cognitive evaluation model that can be used for computer calculation. The model includes variables and functions that affect emotions and help explain the cognitive process that causes emotion.



The OCC emotion-cognitive evaluation theory could be effectively adopted to study consumer sentiments (e.g., [39]). Nyer [40] was the first to use the evaluation theory to understand the determinants of consumer sentiments and demonstrated that emotion plays an intermediary role between word-of-mouth cognitive evaluation and intention to engage in word-of-mouth. More recently, White and Yu [41] studied the relationship between consumer sentiment and consumer satisfaction, service quality, and positive behaviour intention. The results showed that positive sentiment positively affects consumer satisfaction, while negative sentiment negatively affects consumer satisfaction. Similarly, Strizhakova et al. [42] found that the angrier consumers were, the more positive and expressive they would respond rather than avoid it.



These studies show how the OCC theory has become the core of consumer emotion research. However, there is still a wide range of applications in the field of tourism to be explored, mainly to understand tourists’ behaviours. More studies are needed on tourists’ emotions to shed light on their sentiments about their experience in specific destinations.




2.3. Sentiment Analysis in Tourism Research


As discussed in the previous section, analysing tourists’ emotions can inform tourism planning and further the development of cognitive theories. Sentiment analysis is increasingly used for the study of individual emotions and can be applied to the study of online reviews. Sentiment analysis is a method of extracting, transforming, and understanding textual information using language processing techniques and classifying it as positive, negative, and neutral sentiments [43]. Through sentiment analysis, people’s feelings can be evaluated as positive or negative based on opinions, emotions, and sentiments posted on social media [44]. Moreover, based on the level of text used for the analysis, sentiment analysis can be divided into document-level, sentence-level, aspect-based or feature-level, comparative, and sentiment lexicon acquisition [45]. This study adopted sentiment lexicon acquisition. The sentiment orientation can be divided into positive, negative, and neutral [46]. The sentiment dictionary-based analysis method can be applied to textual data of different languages, counting the number of sentimental words, and allowing manual addition or elimination [47]. The analysis aims to build a dedicated sentiment dictionary, adding words according to the research field and based on the existing sentiment dictionary.



Sentiment analysis has demonstrated its utility in several studies as an essential research tool in social science to evaluate consumer satisfaction, service quality, and social media assessment [48]. The study of emotion analysis dates to the 1970s, but it was not until recent years that emotion analysis gained wide attention in academia and industry (e.g., [49]). Notably, studying individual emotions in tourism is relevant to inform management decision-making. Tourists’ emotions manifest throughout the whole tourism experience and can be used to explain tourists’ behaviour [50,51]. The information posted on social media usually expresses emotions such as happiness, frustration, disappointment, and excitement. In addition, the content released by users through mobile internet technology constitutes the information source of tourism big data that contains rich emotions [52]. Therefore, tourists’ emotions strongly influence destination image, satisfaction, and behavioural intention [53].



Although several tourism studies have focused on analysing online tourist reviews to inform destination planning, little has been done from the tourists’ emotional perspective. Research mainly investigates the relationship between online reviews and purchases, tourists’ satisfaction, and motivation for opinion mining and comment publishing of online reviews (e.g., [52]). For instance, Radojevic et al. [53] collected more than 2 million online reviews from 6768 hotels in 47 European cities. They found that the hotel’s star rating is the most significant factor affecting customer satisfaction, along with the room’s air conditioning and bar configuration. Moreover, Yan et al. [54] revealed the relationship between hotel food, cost performance, service quality, hotel atmosphere, and customer repurchase intention.



Additionally, Torres et al. [55] pointed out that hotels can develop training plans based on consumer feedback, improve operational processes, and set new complaints and suggestions. Ye et al. [56] showed that online hotel reviews were related to sales reservations and further pointed out that for every 10% increase in online reviews, online hotel reservations would increase by more than 5%. Differently and by focusing on the destination level, Marine-Roig and Ferrer-Rosell [57] analysed 80,000 tourist reviews of the Mediterranean destination of Catalonia. They found that destination image has three dimensions: space, cognition, and emotion. The study shows how the destination’s image is related to the spatiality within the destination and the visitor’s emotional response. Similar recent studies are such as Gulati [58] shedding light on “vaccine tourism” through public sentiments and emotions based on Twitter’s data; Balasubramanian et al. [59] examining post-COVID-19 tourist concerns; and Park et al. [60] identifying predominant topics and associated emotions about European and Asian destinations during the COVID-19 pandemic.



Instead, some scholars have tried to conduct tourism emotion research, mainly divided into two research perspectives: the tourists and the destination residents [61]. The tourists’ perspective is of primary interest for this study, and only a few scholars directly analysed tourists’ emotions. Mitas et al. [62] analysed tourists’ emotions from the social context perspective, revealing the importance of positive emotions in fostering a sense of community among participants. Gulati [63] provides extensive sentiment analysis of tourists in three main Indian heritage sites (Taj Mahal, Red Fort, and Golden Temple) by extracting 5000 tweets and representing the differences in positive/negative sentiments among the three sites. Cherapanukorn and Sugunnasil [64] comprehensively analysed 40,000 online tourist reviews from 40 tourist attractions in Thailand posted up through TripAdivisor.com between 2010 and 2021. The research allowed the development of a model with six components of the tourist attraction satisfaction model: (1) ambience, (2) hospitality, (3) price, (4) accessibility, (5) cleanliness, and (6) security.



Moreover, by conducting a social network analysis of tourists in Yogyakarta, Miftahuddin et al. [65] show four factors affecting tourists’ perceptions of the image of the city of Yogyakarta: experience, historical culture, recreational services, and tourist destinations. Tucker [66] discusses the role of empathy in tourism as a tourist sentiment mainly present in dark attractions. In line with what was mentioned by Tucker [66], other researchers sought to shed light on tourists’ emotions in visiting dark sites, such as in the case of Isaac and Çakmak [67], who studied visitors’ emotions at Tuol Sleng Genocide Prison Museum (S-21) in Phnom Penh. Moreover, Curnock et al. [68] bring an environmental perspective on how empathy may affect tourists’ sentiments. They documented increased protective sentiments among tourists visiting the Great Barrier Reef region after mass coral bleaching.



There are other examples. Faullant et al. [69] analysed tourists’ emotions in experiential activities, such as mountain climbing, pointing out that positive and negative emotions originate from neuroticism and extraversion, which are combined with cognitive evaluation. Zhang et al. [70] investigated tourist sentiments towards virtual tourism during COVID-19 showing predominant positive sentiments towards this form of tourism. Valdivia et al. [71] used the comments on TripAdvisor to conduct a descriptive sentiment analysis of tourist evaluations in several destination countries and judged the accuracy of the sentiment classification model. Geetha [72] studied the relationship between consumer sentiment and hotel evaluation in hotel online reviews and found that the polarity of emotion can explain those reviews. There is consistency between emotion and evaluation, highlighting the importance of studying online reviews to capture emotions. Claster et al. [73] took Thailand as a case study. They used more than 80 million Twitter data to plot the temporal changes in tourists’ emotional tendencies across Thailand, informing future planning management strategies. Similarly, Wang et al. [74] crawled tourist social media data to explore tourist distribution characteristics and the patterns of tourist sentiment variations with evidence from five scenic areas in China. Most studies of tourists’ emotions analyse textual data except for Kisilevich et al. [75]. They used Flicker’s photos as data sources to demonstrate the correlation between the emotional characteristics of tourists and time geography.



As shown above, social media and tourism-related websites incorporate tourists’ interactions, and many textual and non-textual materials can be used to analyse tourists’ emotions. However, existing research on big data text and tourism is mainly concentrated at the hotel level [76]. Therefore, there is limited empirical attention to online reviews at the destination level [52]. Furthermore, big data studies at the destination level generally focus on the perceived image of the destination, and the subjective emotion mining of tourists from the perspective of tourists is less explored and understood. Therefore, this review concludes that, although demonstrating the empirical effort to inform tourism planning, the study of online reviews remains in its infancy. There is more to be done theoretically and empirically, particularly from the perspective of tourists’ emotions at the destination level.




2.4. Key Outtakes and Research Questions


As online reviews represent most of the User Generated Content (UGC), the literature shows how the analysis of UGC can significantly inform tourism planning. Yet, UGC has been mainly used to support studies at the hotel level, while less is being investigated at the destination level. Moreover, studies that capitalise on online reviews tend to analyse the enterprise’s performance and destination image. However, tourists’ emotional expressions are less explored, even though tourists’ emotions can provide practical recommendations to improve the destination design. Literature on the topic demonstrates how sentiment analysis can be deployed to identify tourists’ emotions and develop a lexicon specific to the sector and selected destinations. To this extent, this study aims to establish a set of tourist sentiment lexica for destinations and inform theories and destination planning. To achieve this objective, the study seeks to answer the following research questions by focusing on the PICTs and their Chinese tourism market.



	
What are the Chinese tourist’s sentiments towards the PICTs?



	
Do the Chinese tourists’ sentiments differ among the PICTs, and if yes, how?



	
What factors influence Chinese tourists’ sentiments toward the PICTs?



	
Do the influential factors differ among the PICTs, and if yes, how?






In the following section, we discuss the research context and design.





3. Method


The researchers followed four key methodological steps, as shown in Table 1. The first step of the study was to select the PICTs involved in the study using existing data resources, as elaborated in Section 3.2. The second step involved obtaining online review texts from Chinese OTA platforms (Online Travel Agents) through a Python crawler, as described in Section 3.3. The third step of the study, as detailed in Section 3.4, was to process the original text into analysis units, including operations such as text cleaning, word segmentation, and stopword removal. Then, the word cloud figure was generated to check the processing effectiveness visually. Most importantly, the study’s final step was to develop a tourism-specific Chinese lexicon and calculate sentiment values based on the exclusive sentiment lexicon, as elaborated in Section 3.5.



Regarding the construction of the exclusive sentiment lexicon, the steps include (i) adding new vocabularies to the existing basic sentiment lexicon, (ii) assigning weight to the newly added words, and (iii) setting semantic rules based on negative and degree words in each sentence. This study mainly referred to three existing basic sentiment lexicons: the Hownet sentiment dictionary, the Chinese commendatory and derogatory sentiment dictionary of Tsinghua University, and the NTUSD Chinese sentiment dictionary of Taiwan University. After the sentiment lexicon was constructed, it would be applied to identify Chinese tourists’ sentiments towards the selected PICTs together with Python’s sentiment analysis module SnowNLP.



The methodological steps allowed the researchers to move from selecting the sample to constructing the sentiment lexicon in a structured and accurate manner. These four steps will be described in detail in Section 3.2, Section 3.3 and Section 3.4.



3.1. Chinese Tourists and the Pacific Island Countries and Territories


Drawing from what was discussed in the previous sections, understanding tourists’ sentiments can inform decision-making in destinations. In this study, we opted to focus on island destinations. Tourist sentiment analysis is increasingly needed in these tourism contexts to inform sustainable economic growth. Island destinations are often characterised by a predominantly tourism-related economy (e.g., [77,78]). Hence, the importance of the sector’s long-term financial viability. Moreover, islands are also highly vulnerable to climate change [79] and mass tourism [80] while representing geographical areas with significant sustainable tourism development opportunities (e.g., [81,82]). Therefore, sentiment analysis in island destinations should inform their economic prosperity and sustainable development.



This study selected the PICTs as case studies. The increasing tourism arrivals figure between 2007–2019 [83]—despite a significant decline during the COVID-19 pandemic in 2020–2021—makes the PICTs relevant destinations for this study. This study will also inform their COVID-19 recovery strategies. Furthermore, among the growing tourism market, the Chinese tourism market became a significant slice of the islands’ tourism arrivals [84]. China’s outbound tourism market has grown steadily, with 155 million Chinese citizens travelling abroad in 2019, an increase of 3.3% compared to 2018 [85]. As a result of the COVID-19 pandemic, international travel of Chinese tourists has been suspended, leading to a dramatic decrease in Chinese outbound travel to only 20 million in 2020 [86]. However, as the tourism industry rebounds, China’s outbound tourism will continue to grow.



In April 2019, the “China-Pacific Island Tourism Year” event was officially launched in Samoa, which became a milestone event in tourism cooperation between China and the PICTs, showing how China is rapidly becoming the primary tourist market in the region. Therefore, studying Chinese tourists’ sentiments can aid future tourism development in the PICTs, targeting the market sustainably and strategically. As such, this is supported by the fact that when choosing their destination, Chinese tourists increasingly emphasise high service quality [87] and heterogeneity and diversification of the tourism offer [88]. Moreover, the 2020 tourism trend forecast by Booking.com [89] also shows that more than half of Chinese tourists are inclined to prioritise niche destinations with a positive impact on local communities.




3.2. Data Collection: Sample Selection


The 27 PICTs are a vital transportation hub in the Pacific Ocean. The islands are rich in minerals, forestry, and fishery. The region’s tropical climate allows the cultivation of crops like Kava, the basis for a national alcoholic beverage and a popular food supplement exported worldwide [90]. Many villages of the Pacific Islands still retain their original institution, traditional customs, and religious beliefs that have been passed down a long time ago. Tourism-wise, the islands propose a significantly diverse offer. Notably, the islands are globally recognised as top diving destinations and hot spots for surfing, whale watching, and hiking [91]. The islands host nine world natural and cultural heritage sites. This study selected seven PICTs: Papua New Guinea, Vanuatu, Fiji, Tonga, Samoa, Cook Islands, and Tahiti, which have established diplomatic relationships with China. They tend to prioritise and welcome Chinese tourists.




3.3. Data Collection: Sources


In tourism, textual research data is predominantly obtained by manually screening or web crawler software (e.g., Bazhuayu). However, crawler software can easily lead to errors when data is crawled in batches due to inaccuracy when setting parameters or executing complex logic. Similarly, manual screening may cause unpredictable subjective errors and require substantial time and labour costs. Instead, the automatic crawler program based on Python can mitigate the above shortcomings by following four steps: (1) specifying the URL, (2) initiating a request, (3) obtaining response data, and (4) persistent storage [92].



In this study, data was collected from two leading Chinese Online Travel Agent platforms (OTA): CTrip (https://www.ctrip.com/, accessed on 9 March 2021) and Mafengwo (http://www.mafengwo.cn/, accessed on 15 March 2021), where abundant online reviews regarding attractions, accommodation, food, shopping, and transportation are posted by numerous tourists every day. The authors used Python crawlers based on the Python 3.7 Interpreter to automatically obtain and save the online text. The process was as follows: first, the URLs of the webpage of the seven PICTs were crawled and saved; second, a request using the destinations’ URLs was initiated to obtain the text from webpages; third, irrelevant contents such as ads, empty text, and pictures were excluded. Finally, a total of 1835 valid travel blogs were obtained. Lastly, the removal of duplicates and dividing of the text into paragraphs were performed in Microsoft Excel. As a result, a total of 11,204 reviews were obtained. Data collection was conducted from January to March 2021. The program was compiled and run under the Pycharm Community.




3.4. Data Processing


In this section, we describe how data was processed before analysing it. The data processing steps followed in this study include text cleaning, word segmentation, and removal of stopwords [92], as described in the following sections.



3.4.1. Text Cleaning


In this study, textual elements, including emojis, spaces, Unicode characters, and punctuation marks, were removed from the online reviews based on the Python RE module and regular expressions.



	
Text = re.sub(r1, ‘’, file)



	
text = text.replace(‘ ‘,’’)



	
text = text.replace(‘posted on’, ‘’)



	
tmp_str = “”.join(text.split())



	
result = ‘ ‘.join(tmp_str.split())



	
text = re.sub(“[{}]+”.format(punctuation), “”, text)






The filtered text was rewritten into the original file, summarised, and categorised according to the destination. Overall, the filtered text had about 1,820,000 words.




3.4.2. Word Segmentation


Word segmentation is dividing the sentence into basic units of word sequences according to rules that computers can recognise when scanning the contents for analysis [92]. In this study, the Python Jieba module for word segmentation was used. The textual data contained many nouns, such as cities, scenic spots, festivals, food, currency, and ethnic groups. Directly segmenting text would separate these word categories, resulting in sentiment analysis biases. This study employed Jieba’s load_userdict function for word segmentation to ensure that words with special meanings were not segmented. As shown in Table 2, through manual browsing and extraction of the original text, four types of vocabulary were loaded into the self-defined userdict to implement a word segmentation procedure. The text was then saved in a text file with formats shown in Table 2.




3.4.3. Removal of Stopwords


Stopwords are words that have no analytical meaning for this study’s purpose but occupy a relatively high proportion of the text, such as “me”, “is”, and “a”. The removal of stopwords can improve the accuracy of text classification [93]. This study adopted the three most used Chinese stopword dictionaries from the Harbin Institute of Technology, the Machine Learning Intelligence Laboratory of Sichuan University, and the stopword dictionary of Baidu. A total of 4324 stopwords were summarised to use as a filter in the study.




3.4.4. Word Cloud


To present an overview of the current corpus, we used the Python word cloud module to generate a word cloud map from pre-processed text through graphic visualisation. As shown in Figure 1, the words that were most mentioned are “Fiji”, “Tahiti”, “Vanuatu”, “Nadi”, “beach”, “island”, “diving”, “snorkelling”, “children”, “friend”, “husband” and other travel partners, “destination” and “activities”. To our knowledge, it shows that the effects of text pre-processing are desirable, and the data can be used for further sentiment analysis.





3.5. Data Analysis Methods


There are two classification standards of sentiment dimension: (1) binary classification, which means tourists are either “satisfied” or “dissatisfied”, and (2) ternary classification, which considers sentiment to be positive, negative, or neutral [94]. This research adopted a ternary classification. UGC sentiment analysis mainly utilises sentiment dictionaries and machine learning [95]. Using dictionaries is appealing since word lists are easier to understand and more intuitive to handle than advanced model-based learning approaches. Moreover, sentiment dictionaries can be applied to different datasets relatively quickly and do not need to be re-trained [96]. The sentiment analysis method based on a sentiment dictionary calculates the sentiment orientation of text by extracting the combination of adjectives and adverbs with sentiment orientation according to the semantic orientation of the dictionary.



Data analysis was conducted based on SnowNLP, a natural language processing Python module dedicated to processing Chinese text content. SnowNLP has a trained dictionary that can directly obtain sentiment values by calling tags and sentiment functions. The range of sentiments is [0, 1.0]. Values below 0.4 are classified as negative emotions, and values above 0.6 are classified as positive emotions. The closer the value is to 1, the more positive the sentiment tendency is; the closer the value is to 0, the more negative the sentiment tendency is. Values falling within the interval of [0.4, 0.6] are neutral. Yet, when investigating the sentiment fluctuation, the sentiment interval was converted from [0, 1.0] to [−0.5, 0.5] through Python code. Those above value 0 were considered positive sentiment comments, and those below value 0 were negative sentiment comments. This study first divided the text into lines and used the SnowNLP module to calculate the sentiment value. Finally, the Python Matplotlib and NumPy modules were used to visualise the frequency distribution of the sentiment value.



Considering the Chinese semantic logic, it was necessary to assign different weights to positive and negative emotional words according to the degree of the adverbs. Five index tags (extreme, very, more, -ish, and last) were added to the degree dictionary to slice up the dictionary. Words between every two indexes were cut into one group. The degree dictionary includes four groups from “most” to “slightly”, weighed from 0.5 to 2.0 according to the group’s degree.



The total number of degree words is 240. The implementation process was as follows as well as reported in Table 3:



mostdict = degree_word[degree_word.index(‘extreme’) + 1: degree_word.index(‘very’)]



verydict = degree_word[degree_word.index(‘very’) + 1: degree_word.index(‘more’)]



moredict = degree_word[degree_word.index(‘more’) + 1: degree_word.index(‘ish’)]



ishdict = degree_word[degree_word.index(‘ish’) + 1: degree_word.index(‘last’)]



This study also used ROST Content Mining 6 to conduct sentiment and high-frequency word analysis based on the original text. Rost Content Mining 6 is a Chinese text analysis tool developed by Professor Shenyang of Wuhan University. This tool can perform word segmentation, word frequency statistics, sentiment analysis, and network text semantics on the texture data, allowing for the systematic analysis of the texture content. The process includes (1) converting all the text files encoded in utf-8 of the original text to the ANSI-encoded text format, (2) importing the converted text into ROST Content Mining 6 for word segmentation, and (3) adding proper nouns related to Pacific Island Countries to the customised vocabulary to avoid the separation of special nouns. Finally, the word segmentation is imported into ROST Content Mining 6 for sentiment analysis and word frequency presentation.




3.6. Limitation of Data and Method


This research used texture data obtained from online reviews and online blogs. Despite the feasibility and richness of online text for collection and analysis, the data and method applied to this analysis have several limitations. First, other forms of online data, such as photos and videos, were not considered. Second, the online texts were obtained from OTA platforms, but other online platforms, such as social media, are not included. Third, the analysis method we used was a sentiment lexicon-based approach and lacked a machine learning approach application. Further research could advance our understanding by considering other data types, complementary data sources, and multiple methods.





4. Results and Discussion


4.1. Sentiments Frequency


The study shows a certain degree of polarity in the analysed text. In general, the sentiment values of most tourists fall into the [0.4, 0.6] range, showing that most tourists’ attitudes towards destinations in PICTs are neutral. Nevertheless, some critical differences between the island destination can be highlighted. For example, the countries of Samoa and Tahiti reported higher negative sentiment values, whereas the Cook Islands and Papua New Guinea reported higher positive sentiments among Chinese tourists. Evidence could also be found in the text. For example, a tourist in Papua New Guinea wrote, “A night at Port Moresby is beautiful with good beer, delicious steak, and nice waiter”. Accordingly, the Cook Islands and Papua New Guinea may perform better in the Chinese tourism market. Yet, after reviewing the original text, it was noted that most Chinese tourists visit Papua New Guinea for various purposes other than leisure tourism. For example, a construction assistant on work and business tourism stated, “Six years of work here made me feel the beauty of the paradise”, which exerted more positive emotions. This may be due to China’s close diplomatic relationship with Papua New Guinea (“The friendship between China and Papua New Guinea was witnessed by the fertilizer bag, which was produced in China and became the local fashion”). In Appendix A Figure A1, detailed visualisation of the sentiment frequency is provided by country and in cumulative terms for the seven researched areas.




4.2. Sentiments Fluctuation


After obtaining the sentiment frequency presented in the previous section, this study further analysed sentiment fluctuation through the Python Matplotlib module. In general, the sentiment values of Chinese tourists fluctuate sharply in the range of [−0.5, 0.5], but the range of [0, 0.5] is significantly more than the range of [−0.5, 0]. This finding indicates that Chinese tourists’ sentiments tend to be polarised, but more emphasis is placed on positive emotions. Moreover, after reviewing the original text, we found that positive online texts were often very long and thus were split into separate statements in this data analysis. The countries and territories of Fiji, Tahiti, Vanuatu, and Papua New Guinea appeared to have most of the reviews. However, Papua New Guinea’s original text was significantly less than the other three countries. At the same time, the corresponding sentiment values reflected by the density of lines were much more than Tahiti and Vanuatu. This finding is in line with the conclusion in the sentiment frequency analysis, confirming that Chinese tourists, who travelled to Papua New Guinea, published more online text and presented more positive sentiments under the premise that the absolute number of tourists is not dominant. This is probably due to the positive image of the countries in the media, as they have good diplomatic relationships with China. Appendix A Figure A2 reports a detailed visualisation of sentiment fluctuation in the seven countries cumulatively in all researched areas.




4.3. Sentiment Lexicon Construction


The constructed sentiment lexicon was created based on newly added words and basic sentiment words from existing lexicons, including verbs and adjectives. The semantic expressions in the tourism context are often different from those in daily life. For instance, words usually associated with negative vocabulary in tourism may express positive emotions, such as “regret”. This study, therefore, used the pre-processed text data as the tourism corpus to artificially add some exclusive words that can reflect the positive and negative emotions according to the natural conditions and cultural customs of the PICTs that appear in the text. In general, this study constructed the exclusive tourism sentiment lexicon of the Pacific Islands, which contains 11,045 positive sentiment words and 8496 negative sentiment words, as shown in Table 4.




4.4. Pre-Testing


The above analysis has created a set of sentiment lexica that contains positive and negative sentiment dictionaries, degree dictionary, and negation dictionary. To pre-test this set, we randomly selected three sentences from our datasets (as the tourism context) and three from the Internet (as the daily-life context), which could be clearly differentiated as positive, negative, or neutral sentiment, as shown in Table 5.



These six sentences were first entered as input and then judged by their score: 1 represents positive sentiment, −1 represents negative sentiment, and 0 represents neutral sentiment. As shown in Table 5, the test results showed that the constructed sentiment lexicon could correctly classify both tourism and non-tourism context text. Thus, the sentiment lexicon is applicable to the analysis of all textual data.




4.5. Sentiment Analysis


A total of 6222 reviews were analysed. Out of all processed reviews, 5781 showed positive sentiments (92.9%), 47 showed negative sentiments (0.7%), and 394 were neutral (6.3%). Therefore, Chinese tourists’ sentiments toward the PICTs are generally positive. This observation is especially the case for Tahiti and Tonga, where Chinese tourists have shown the highest rate of positive sentiments. Negative sentiments appeared to be mainly related to Papua New Guinea and Samoa, accounting for 1.9% and 2.6%, respectively. Negative sentiments in Papua New Guinea were mainly expressed concerning social security issues and the status of tourist facilities. In Samoa, negative sentiments were associated with transport (especially air transport). For example, reviews included: I felt like I was in the wolf’s den”, “The windows of the room were a bit dirty”, “I witnessed robbery and theft happening around me”, “It’s so weird that I can only start from Hong Kong and transit flight in Fiji”, “There is no direct flight, it is inconvenient”, and “Sea turtles are for tourists to play with, I don’t like this behaviour very much”.



In Table 6, we provide a breakdown by destination of the number and percentage of positive, negative, and neutral reviews.



Table 6 demonstrates the key similarity among the analysed destinations where most sentiments are positive. However, it also shows that some destinations (e.g., Papua New Guinea, Tonga) are affected by a higher percentage of negative sentiments compared to other sampled destinations, shedding light on these destinations where the Chinese tourists tend to feel particularly negative.




4.6. Sentiment Tendency


The statistical results in Table 7 show that more than half (51.7%) of Chinese tourists expressed positive sentiments toward the PICTs. However, it is worth noting that a considerable proportion of tourists (37.4%) hold a neutral attitude toward the PICTs. Moreover, 10.9% of tourists have a negative attitude toward PICTs. Neutral and negative tourist sentiments accounted together for 48.3%.




4.7. Word Frequency


High-frequency words in tourists’ online reviews can visually show the concerns and needs of Chinese tourists for their travel experience. This study selected Vanuatu and Samoa as representatives of the research area to explore the issues worrying Chinese tourists. It analysed the distribution characteristics of their high-frequency words in detail, as demonstrated in Table 8. Vanuatu and Samoa were selected as they tend to attract lesser research attention than other PICTs, such as Fiji.



Chinese tourists tend to have a positive sentiment toward Vanuatu. Positive descriptions include “beautiful”, “passionate”, and “mysterious”. Moreover, high-frequency words like “Volcanic ash”, “magma”, “beach”, “diving”, and “coral” indicate that Vanuatu’s volcanoes and ocean life are the tourism resources that Chinese tourists sincerely appreciate. Keywords were closely related to the Isur Volcano and the Underwater Post Office, which are Vanuatu’s world-famous tourist attractions, confirming the name of Vanuatu as “the kingdom of flames on the sea”. Moreover, words such as “Coconut”, “lobster”, and other local diets; “hotel”, “resorts”, and other accommodation conditions; and “flight”, “airport”, and different transportation modes, respectively, reflected tourists’ attention to the dimensions of food, accommodation, and transportation. Still in Vanuatu, the high frequency of “visa”, “inbound”, “Hong Kong”, “Australia”, and “New Zealand” also shows that visa and transit issues are at the core of the outbound travel experience. Furthermore, high-frequency words such as “Daka” and “photographing” indicate that taking pictures of and recording memorable moments is an important life and social expression for Chinese tourists. Finally, high-frequency keywords such as “culture”, “primitive”, and “locals” indicate that Chinese tourists have a strong interest in historical and cultural elements.



Samoa’s “beaches” are the country’s high-quality tourism resources, reflected in the Chinese tourists’ reviews. Moreover, “Trench”, “Cave”, “Waterfall”, “Church”, and “Wind Tunnel”, respectively, represent the main tourist attractions of Samoa, including Sua Trench, Plula Cave Pools, and Sopoaga Waterfall. In addition, price is another dominant factor in tourists’ perception. Words like “dollars”, “tickets”, “charges”, and “free” all reflect tourists’ attention to the price elements. Based on the high-frequency vocabularies of the above two countries, the sentiment of the Chinese tends to be influenced by similar issues among the studied destinations. The similarity lies in security, visas, transport routes, fees, and prices.





5. Research Conclusions


In general, Chinese tourists exhibit positive sentiments toward the PICTs. However, there are differences in the sentiment tendencies among the studied destinations. To a certain extent, such differences align with previous studies demonstrating how tourists’ perceptions of destinations differ among tourist clusters [11] and their distribution [74]. In this study and on the destination level, the results from using the SnowNLP algorithm show that Papua New Guinea is the destination with the most positive sentiments of Chinese tourists. In contrast, the results based on the sentiment lexicon show that Fiji takes up the highest percentage of positive sentiments, whilst the destination with the highest percentage of negative sentiment is Papua New Guinea. This finding reflects the polarising emotional tendencies of Chinese tourists. Chinese tourists better appreciate Papua New Guinea because of its good diplomatic relationship with China. Still, its turbulent social security and other unsafe factors perceived by the tourists also have a negative impact. Fiji ranks first on the number of reviews available and the degree of emotional contribution, suggesting its status as the primary destination of PICTs.



Practical problems such as visa application and transportation are of most concern among Chinese tourists. The perceived safety of the destination is another important influencing factor. Although important, natural tourism resources of PICTs (beaches, snorkelling, wind tunnels, volcanoes, trenches, etc.) are given secondary priority. The local cuisine and cultural elements also attract Chinese tourists. Moreover, words about price (free, expensive, etc.) frequently appear throughout the tourism process. Price is, therefore, an important factor affecting the sentiment tendency of Chinese tourists. Liu [52] found that Chinese tourists tend to care about the natural landscape and landmarks significantly, while other tourists focus on the cultural experience and local life. The claim of Liu [52] is based on data from Chinese tourists in ten Australian cities and used the Travel-Career-Ladder motivation theory [97] to suggest that Chinese outbound tourists have remained at a relatively low level of demand for love, belonging, and self-actualisation. However, contrasting Liu’s [52] results, this finding suggests that Chinese tourists in PICTs pursue and enjoy the indigenous culture and experience cultural activities, in line with some of the six components of the tourist attraction satisfaction model developed by Cherapanukorn and Sugunnasil [64], particularly about price and accessibility. Moreover, findings complement Miftahuddin et al. [65] factors affecting tourists’ perceptions of the destination, especially the historical culture.



Therefore, Chinese tourists have a significant perception of the historical and cultural dimensions of their experience, which accords with the demands of love, belonging, and self-realisation as in line with the tourists’ Travel-Career-Ladder motivation theory [97]. This difference can be explained by the heterogeneity between the tourism resources of PICTs and Australia, and the tourists themselves may be different. We can then speculate that Chinese tourists in different outbound destinations show different levels of tourism needs. Thereby, the needs of Chinese tourists cannot simply be defined through standardised approaches.



In broader tourism terms, this study moves away from predominant studies on tourism sentiments that focus on the hotel level (e.g., [56,76,98,99]) by adding to the limited empirical effort that seeks to study tourists’ sentiment at the destination level (e.g., [57]). Moreover, this study contributes to the development of a more contextual understanding of the tourists’ emotional response and response to previous criticisms (e.g., [50]) on studies that focused on tourists’ emotions tend to neglect the tourism environment. Furthermore, the travel career ladder motivations and tourist preferences of PICTs are less focused on in the literature [100]. By comparing the differences in tourists’ sentiments among PICT destinations, the research advances knowledge about the travel preferences of Chinese tourists to the PICTs.



Lastly, the broad generalisation of the findings should be seen behind the scope of this study as sentiments may be expressed based on the destination visited, individual experience, and expectations, as well as tourists’ sentiments being non-static [10]. Yet, it is also worth noting that the tourists’ sentiments that emerged from the PICTs may also apply to similar destinations affected by similar tourism markets and socio-geographical conditions, such as the Philippines, Indonesia, or island destinations in the Indian Ocean. The tourism lexicon developed in this study could be considered a conceptual foundation for investigating tourists’ sentiments in other destinations. The findings complement previous empirical contributions on sentiment analysis focused on Chinese tourists (e.g., [52]). They also broaden tourism literature, such as Cherapanukorn and Sugunnasil [64] and Miftahuddin et al. [65], by adding to their developed models indicating factors affecting tourist sentiments and perceptions of destinations.



5.1. Managerial Implications


This research provides several managerial implications. Implications should be communicated as tourist sentiments in this study reflect tourists’ priorities. These implications call for action—and informed planning [19,20]—on the supply and demand side of the tourism sector of the PICTs. The price and easiness of transportation tend to affect Chinese tourists’ perception of the experience. To this extent, the PICTs should focus on improving the current transportation system. This may include supporting direct flights to central hubs and improving inter-island links and ground transport. Moreover, transport costs, as well as the costs for other tourism services, should be considered in line with market demand. Yet, while it is important to supply tourism services at a price in line with the market, decision-making about costs should not jeopardise community-wellbeing. In some instances, the findings may suggest the need for the PICTs to promote awareness programmes to educate Chinese tourists (as well as other visitor groups) on the impact of their visit, both positive and negative. This might include why costs may be higher in some instances (e.g., promoting community projects through tourism).



Therefore, the findings show shortcomings on the supply and demand side that should be addressed. Furthermore, in more general terms, natural disaster prevention and public security are urgent issues—not only for the local communities—but also to promote a sustainable and safe tourism sector in the region. The analysis of reviews showed that such problems as witnessing theft and robbery affect the emotional orientation and cognition of tourists and then generate negative word-of-mouth, low satisfaction, and revisit intention. Thus, tourism organisations need to work with local government departments and communities to ensure the personal safety of tourists, which will improve the perception of safety and, potentially, a higher return rate.



The analysed text also suggested that the hotel services of PICTs—particularly Papua New Guinea—are far from satisfactory. On the other hand, Chinese tourists to the Pacific Islands pursue novel cultural experiences, comfortable accommodations, and entertaining activities. While the demand of Chinese tourists might evolve as their society evolves [52,100], PICTs and the relevant destination management organisations should remain updated with the preferences and concerns of Chinese tourists. In addition, it should also be emphasised that PICTs would probably experience a significant impact of climate change and sea level rise. This could be an important factor reflected in tourist sentiments. This could be achieved by continuous monitoring by adopting some of the methods of this study.



Therefore, the PICTs can strengthen the construction and renovation of tourism infrastructure—within the local capacity and customs—and services that would benefit the tourists and the local communities. It, however, needs to avoid negative consequences on local communities, ensuring sustainable tourism development in traditional societies [101,102]. The destinations should also have strategies for green tourism and accelerate the adoption of circular economy practices by the operators of the tourism and hospitality sector. The recommendations include the creation of a conducive regulatory environment for a circular economy, facilitating the creation of circular transition communities, engaging pro-actively and providing technical support, enhancing circular economy adoption through innovative financing such as reward-based crowdfunding [103], and celebrating and demonstrating successes [104].



Although tourists’ sentiments may indicate improvements to be made at the destination level, it is also essential to note that some sentiments may be the result of limited tourists’ awareness of the local tourism sector, socio-cultural characteristics, and its economic importance for the local communities. Among the managerial implications, therefore, we should note both hard and soft implications, such as improving infrastructures and educating visitors.




5.2. Limitations and Future Research


The research has several limitations. First, it selected the PICTs as the research area; thereby, its conclusion may not conform to other destinations without further investigation. Yet, subsequent studies can benefit from the lexicon constructed in this study to investigate other destinations, exploring their applicable boundary conditions. Furthermore, this study did not evaluate the model on recall rate, precision, and classification ability. Lastly, while sentiment analysis based on machine learning has become mainstream, future studies can adopt neural network-based machine learning for sentiment analysis.
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Figure A1. Sentiment Frequency. 
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Figure A2. Sentiment Fluctuation. 
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Figure 1. Translated Word Cloud Map from pre-processed text through graphic visualisation. 
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Table 1. Methodological Steps.
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	Step
	Aim
	Measures





	
	1.

	
Sample selection






	To select appropriate PICTs
	Based on available tourism data



	
	2.

	
Data collection






	To obtain online review text
	Through Python crawler



	
	3.

	
Data processing






	To make text data suitable for analysis
	(a) text cleaning

(b) word segmentation

(c) stopwords removal

(d) word cloud generation



	
	4.

	
Data analysis






	To construct a sentiment lexicon and calculate sentiment values.
	(a) sentiment lexicon construction

(b) semantic rules setting

(c) sentiment analysis based on Python SnowNLP, sentiment lexicon, and word frequency
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Table 2. Vocabularies of Userdict.
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	Types
	Examples





	Locations
	South Pacific, Melanesia



	Attractions
	Port Moresby, Denarau, Santo Island



	Culture
	Koroways, Fijian dollar, tattoo



	Animals and plants
	Palm tree, Kava, Manta, Bull shark
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Table 3. The Degree Words Dictionary.
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	Index
	Hownet Words (Chinese Sentiment Lexicon)
	New Words
	Degree
	N
	Weight





	Mostdict
	Most (最), Extreme (极端), Enough (充分), Completely (彻底)
	Hundredfold (百倍), Super (爆表)
	Most

(最)
	75
	2.5



	Verydict
	Exceptionally (特别), Really (何止), Indeed (实在)
	Remarkably (非凡) Fully (满满, 连连, 十分) Very (敲)
	Very

(很)
	77
	2.0



	Moredict
	More (较为, 不少)
	Rather (颇)
	More

(较)
	42
	1.5



	Ishdict
	A little (一点儿), Slightly (些微), A bit (蛮)
	Roughly (差不多), Almost (几乎)
	Little

(稍微)
	46
	0.5
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Table 4. The Constructed Sentiment Lexicon.
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	Sentiment Valence
	Examples of Basic Sentiment Lexicon Words
	Examples of Added Sentiment Lexicon Words
	Number





	Positive
	like, enjoy, immerse
	luscious, dazzled, mysterious
	11,045



	Negative
	grieved, disappointed, gloomy
	temperamental, tearless
	8496
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Table 5. The Constructed Sentiment Lexicon.
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	Sentiment
	Tourism Context
	Score
	Non-Tourism Context
	Score





	positive
	On the slow-paced island, there is a sense of leisure and tranquility everywhere.
	1
	The weather is so good today. I’m very happy!
	1



	negative
	Try not to act alone; the public security environment is very poor.
	−1
	You are a big badass.
	−1



	neutral
	Visa can be applied for online.
	0
	He is a physicist at Stanford University.
	0
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Table 6. Sentiment Analysis of Chinese Tourists in Pacific Island Countries and Territories.
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Country or Territory

	
Sentiment Tendency

	
Sentiment

	
N

	
P






	
Papua New Guinea

	
Positive

	
Positive (1)

	
824

	
77.7%




	
Negative (−1)

	
20

	
1.9%




	
Neutral (0)

	
217

	
20.4%




	
Cook Islands

	
Positive

	
Positive (1)

	
269

	
86.8%




	
Negative (−1)

	
3

	
1.0%




	
Neutral (0)

	
38

	
12.2%




	
Fiji

	
Positive

	
Positive (1)

	
3407

	
97.1%




	
Negative (−1)

	
16

	
0.5%




	
Neutral (0)

	
85

	
2.4%




	
Tahiti

	
Positive

	
Positive (1)

	
617

	
97.9%




	
Negative (−1)

	
0

	
0




	
Neutral (0)

	
13

	
2.1%




	
Tonga

	
Positive

	
Positive (1)

	
146

	
84.9%




	
Negative (−1)

	
0

	
0




	
Neutral (0)

	
26

	
15.1%




	
Vanuatu

	
Positive

	
Positive (1)

	
302

	
97.8%




	
Negative (−1)

	
2

	
0.6%




	
Neutral (0)

	
5

	
1.6%




	
Samoa

	
Positive

	
Positive (1)

	
216

	
93.1%




	
Negative (−1)

	
6

	
2.6%




	
Neutral (0)

	
10

	
4.3%




	
Seven research areas

	
Positive

	
Positive (1)

	
5781

	
93.0%




	
Negative (−1)

	
47

	
0.7%




	
Neutral (0)

	
394

	
6.3%
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Table 7. Sentiment Tendency.
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	Sentiment Tendency
	N
	P (%)





	Positive
	2603
	51.7%



	Neutral
	1883
	37.4%



	Negative
	550
	10.9%



	Total
	5036
	100%
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Table 8. Word Frequency of Vanuatu and Samoa.
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Vanuatu

	
Samoa




	
Words

	
Frequency

	
Words

	
Frequency

	
Words

	
Frequency

	
Words

	
Frequency






	
Vanuatu

	
410

	
postcard

	
41

	
Samoa

	
270

	
island

	
18




	
volcano

	
248

	
shoot

	
40

	
Visa

	
120

	
air ticket

	
18




	
hotel

	
223

	
Australia

	
38

	
airport

	
61

	
downtown

	
17




	
Port Vila

	
219

	
volcanic vent

	
36

	
China

	
56

	
harbour

	
17




	
Fiji

	
185

	
Beijing

	
35

	
passport

	
47

	
volcano

	
16




	
local

	
149

	
transfer

	
33

	
beach

	
43

	
port

	
16




	
Underwater Post Office

	
103

	
New Zealand

	
33

	
hotel

	
37

	
sea-island

	
16




	
airport

	
101

	
inbound

	
32

	
Sand-beach

	
36

	
cruise

	
16




	
country

	
95

	
eager

	
32

	
Apia

	
35

	
guide

	
16




	
plane

	
86

	
coconut

	
32

	
New Zealand

	
33

	
culture

	
15




	
photograph

	
80

	
global

	
31

	
Fiji

	
32

	
ticket

	
15




	
flight

	
79

	
sand-beach

	
31

	
Visa-free

	
30

	
wind tunnel

	
14




	
sea-island

	
74

	
aviation

	
31

	
church

	
29

	
wharf

	
15




	
seawater

	
64

	
dive

	
31

	
locals

	
27

	
bus

	
15




	
China

	
64

	
holiday

	
30

	
inbound

	
27

	
people

	
15




	
Pacific island

	
63

	
sea

	
30

	
plane

	
27

	
Pacific

	
14




	
happiness

	
61

	
beautiful

	
29

	
on-island

	
27

	
fruit

	
14




	
capital

	
61

	
Pacific

	
29

	
waterfall

	
25

	
swim

	
14




	
Hong Kong

	
60

	
lobster

	
29

	
island-country

	
25

	
turtle

	
13




	
phone

	
57

	
island-country

	
28

	
dollar

	
23

	
car-rent

	
13




	
isles

	
55

	
free-of-charge

	
28

	
USA

	
22

	
trench

	
13




	
tribe

	
53

	
wharf

	
28

	
seawater

	
22

	
building

	
13




	
erupt

	
51

	
simple

	
28

	
free-of-charge

	
22

	
fee

	
13




	
beach

	
49

	
smile

	
26

	
seaside

	
21

	
supermarket

	
13




	
honour

	
48

	
package

	
26

	
cave

	
20

	
travel

	
13




	
friend

	
47

	
room

	
26

	
market

	
20

	
sunset

	
13




	
island

	
47

	
traffic

	
26

	
roundabout

	
20

	
breakfast

	
13




	
original

	
45

	
magma

	
25

	
friend

	
19

	
resort

	
13




	
easy

	
43

	
green

	
24

	
apply

	
19

	
tropics

	
13




	
locals

	
43

	
special

	
24

	
expiry-date

	
18

	
coconut

	
13
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