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This study applies sentiment and thematic content analyses based on natural
language processing (NLP) to gain valuable insights into the perceived
image of Bali as a tourist destination. This study addresses the gap in how to
realize the benefits of big data analytics in applied research, by using more
approachable tools for researchers with limited programming skills and
coding experience. A total of 6,800 TripAdvisor reviews of Bali’s top 12
tourist attractions between May 2019 and April 2023 were scrapped. The
authors used Bardeen.ai for data mining and Atlas.ti for qualitative data
analyses. Sentiment analysis revealed an overwhelmingly positive sentiment
(70.4%) towards Bali’s tourist attractions, indicating a positive destination
image. Post-pandemic tourists tend to express more positive sentiments in
their reviews compared to pre-pandemic. Thematic content analysis
indicated that positive sentiments are strongly related to satisfaction, positive
experiences, enjoyment, and excitement, while environmental concerns and
dissatisfaction are potentially harmful to Bali’s destination image. The study
provides valuable insights into tourists’ emotional sentiments, perceptions,
and thematic patterns of behavior, which can inform tourism marketers and
destination strategists, and contribute to the larger discussion of utilizing big
data analytics in tourism marketing research.
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1. INTRODUCTION

The concept of destination image plays a pivotal role in the field of destination marketing,
influencing and even shaping tourists’ perceptions and experiences. Tourists’ perceptions of a destination’s
macro and micro images serve as significant precursors to their evaluations of the quality of the destination,
affecting the destination’s perceived value [1]. A positive destination image has been found to significantly
enhance trust and emotional attachment to a destination, potentially contributing to a destination’s marketing
appeal and competitiveness in the global tourism market [2].

Tourism, with its intangible and experiential nature, often involves high levels of risk perception
among its consumers (i.e., tourists). A strong and positive destination image could play a role in mitigating
tourists’ perceived risks, while simultaneously enhancing behavioral intentions (e.g., intention to revisit and
willingness to recommend the destination) [3]. In this era of real-time information, tourism consumers
increasingly rely on electronic word-of-mouth (eWOM) to make more informed decisions through learning
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from other tourists’ past experiences. Online travel review (OTR) platforms, such as TripAdvisor, have
become increasingly important for sharing information, shared experiences, and reviews. In the case of
TripAdvisor, one study found a positive relationship between eWOM and the users’ satisfaction and trust in
this OTR platform [4], while another study pointed out that the information quality, website quality, and
customer satisfaction associated with TripAdvisor influence users’ trust in the platform, and that trust is a
predictor of eWOM [5].

The importance of OTR in shaping tourist decisions is well-documented. TripAdvisor’s user-
generated content (UGC) provides a rich data source for analyzing tourists’ experiences, preferences, and
even behavior [6]. The use of big data, web analytics, and machine learning in destination marketing is
emerging. Analyses of tourism eWOM and UGC in the form of OTRs, such as sentiment analysis and
thematic content analysis [7], offer novel methodologies in capturing authentic experiences and unfiltered
insights from the tourists’ perspectives, complementing traditional survey methods that may not fully capture
the tourists” sentiments and lived experiences. TripAdvisor is singled out because it is the world’s leading
global travel platform and the leading online travel community site—with over 460 million monthly active
users and over 860 million reviews on 8.7 million attractions/experiences, accommodations, and restaurants
worldwide [8].

Previous studies have shown the potential of using reviews on TripAdvisor to understand tourists’
sentiments, preferences, and perceptions of various destinations [6], [8]. Despite the many potential benefits
of using big data analytics in tourism marketing research, this type of research in the Indonesian context is
still lacking. Studies published are largely still limited to sentiment analysis in the contexts of hotel guest
experience and satisfaction [9], the sentiments of restaurant patrons [10], and individual tourist attractions
[11]. One study used sentiment analysis and thematic content analysis to explore the most prominent
emotions uttered by domestic tourists at four select attractions across Indonesia [12]. There is still a gap in
the use of OTRs for analyzing generalized sentiments and reviewing emerging themes related to tourist
marketing in Indonesia.

This phenomenon is also true in the case of Bali, Indonesia’s premier tourist destination. While Bali
has been extensively studied as a tourist destination [13], there is a lack of comprehensive analysis of tourist
reviews on TripAdvisor that delve into the sentiments, preferences, and experiences expressed by tourists.
This gap hinders the understanding of the factors influencing tourist perceptions regarding Bali as a
destination, and how these perceptions in turn affect Bali’s destination image. Even though Bali is ranked as
the second most popular destination in the world in 2023 by TripAdvisor, few studies have realized the
potential of using big data (in the form of TripAdvisor reviews) for destination marketing research in the
Balinese context [14], [15].

The lack of studies taking advantage of big data in the form of eWOM and UGC for tourism
marketing research in the context of Indonesia, and more specifically Bali, indicates that this field is still
emerging. Research-based on big data analytics offers a novel way of acquiring data and information in
marketing [16]. Yet, its application is still limited due to the programming skills and know-how in data
analytics often required—which many marketing and tourism researchers lack. As such, there remain gaps in
understanding consumer-generated data in the digital age by using approachable methodologies for analyzing
online reviews.

While the language models and sentiment analyses (including domain-specific models like
TourBERT) can be quite powerful [17], they can be highly technical to be applied by less tech-savvy
marketing and tourism researchers [18]. Many sentiment analysis tools require substantial programming or
coding skills to implement and customize. This technical barrier can limit the accessibility of sentiment
analysis for applied researchers with limited programming knowledge or skills. Developing and training
sentiment analysis models can be computationally intensive, requiring access to powerful hardware and
software resources, which is why many applied researchers still rely on semi-manual techniques in analyzing
online consumer data.

To bridge the gap, this study proposes a novel approach that employs sentiment analysis and
thematic content analysis to applied marketing research using automated tools and data processing software
that are less intimidating for researchers with limited programming skills. In this study, the authors explore
tourists’ perception of Bali as a destination based on reviews posted on TripAdvisor, focusing on 12 of the
most popular tourist attractions in Bali. This study aims to apply data mining and machine learning through
sentiment and thematic content analyses based on natural language processing (NLP) to gain an
understanding of tourist perceptions of Bali’s destination image. NLP is powerful because focuses on the
interactions between computers and human languages, combining artificial intelligence (Al), cognitive
science, and linguistics [19]. TripAdvisor traveler reviews as a form of eWOM were chosen as the object of
research, as the reviews on the OTR platform are done intentionally (by tourists with positive and negative
travel experiences), and uploaded on platforms that specifically discuss travel experiences (as opposed to
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generalized platforms such as Facebook and Instagram). Since TripAdvisor does not provide any means to
review a destination in general, reviews of the 12 most popular tourist attractions are used as a proxy for
Bali’s overall destination image.

In this study, the authors seek to actualize the benefits of NLP for applied sciences. The study
employed easy-to-use automation tools like Bardeen.ai for data collection and processing and Atlas.ti
qualitative data analysis (QDA) tool for analysis—both of which require minimum technical coding skills
and computational power. This approach helps make big data analysis more accessible to a broader range of
researchers. It also allows the data collection, pre-processing, and analysis to be more simplified. The novel
aspect of this study is the use of more accessible big data analytics methods for researchers with limited
programming skills, to simplify the technical complexities associated with big data analytics and allow more
focus on gaining insights from the data. The study’s finding is expected to contribute to the existing literature
by providing insights into the emotional responses, sentiments, and thematic patterns by reviewing tourists’
lived experiences as they share their travel experiences and perceived image of Bali as a tourist destination.
The findings should have practical implications for policymakers and destination marketers while
contributing to the broader field of tourism marketing research in the digital era.

2. RESEARCH METHOD

The methods employed in this study aim to address the aforementioned research objectives and
knowledge gaps. This study used computer-assisted, NLP-based machine learning to analyze and understand
human language automatically, thus allowing the authors to extract the meaning contained in large amounts
of textual data [20]. The study was conducted in five distinct stages.

In the first stage, the authors collected a substantial number of review data from TripAdvisor, the
world’s largest travel platform, which were written in English. Bardeen, a generative Al tool for automation,
was used to scrape the data. Bardeen.ai is a free online task management tool that allows users to automate
repetitive processes, including scraping data from various online platforms (e.g., TripAdvisor) [21]. The
authors used Bardeen’s “Scraper” tool in its builder interface to scrape the data on active TripAdvisor review
tabs, then automated the process by adding each new review as a new row in Google Sheets.

Review data from 12 select popular tourist attractions in Bali were scrapped. As aforementioned,
TripAdvisor does not provide reviews on destinations per se. As such, 12 popular tourist attractions were used
as the proxy to analyze the overall destination image, covering both coastal and inland sites, natural and man-
made ranging from beaches, temples, rice terraces, mountains, nature sanctuaries, and theme parks). The
attractions included eight coastal sites (i.e., Bali Safari and Marine Park, Kelingking Beach, Kuta Beach, Nusa
Dua Beach, Seminyak Beach, Tanah Lot Temple, Uluwatu Temple, and Waterbom Bali), and four inland sites
(i.e., Jatiluwih Rice Terraces, Mount Batur, Tegallalang Rice Terraces, and Ubud Monkey Forest). The scraping
process followed TripAdvisor’s terms of service and ethical guidelines for data collection.

The authors collected 6,815 popular tourist attractions review data from 12 Bali’s most popular
tourist attractions on TripAdvisor. These reviews were posted between 1 May 2019 and 30 April 2023. The
time constraint was specifically chosen to represent two distinct periods in Bali’s tourism: the pre-pandemic
period before 30 March 2020 (the official closing of Bali’s International borders for visitors), and the post-
pandemic period after 1 April 2020. Upon data cleaning, 6,800 review data were deemed to be valid for
further analysis. The data collected included the review text, date of review, user rating, and user location

In the second stage, the collected data underwent a pre-processing procedure to ensure their
relevance to the research. This involved cleaning the data to remove duplicate reviews, missing values, and
irrelevant information. Subsequently, the data was converted into a text format suitable for analysis. The
authors performed data preprocessing that involved cleaning the data, tokenizing (paragraphs), removing
punctuation marks, and converting emojis using RapidMiner. Since the authors used Atlas.ti as a robust QDA
tool, it does not require stemming and lemmatization in the process of data pre-processing. Atlas.ti also
accepts data using regular text formats, which the authors uploaded to the software. The normalized data,
following the stop-word removal process, was then used to ensure consistency in analysis. Each review was
assigned a unique identifier and categorized based on the tourist attraction to which it pertained.

Subsequently, in the third stage, the authors used Atlas.ti to conduct sentiment and thematic content
analyses. Atlas.ti is a robust QDA tool that offers various text analysis packages to automate the coding and
content analysis process based on Al [22]. In conducting the sentiment analysis, the authors used Atlas.ti’s
pre-trained advanced English language model to categorize the reviews into three categories: negative,
neutral, and positive. This classification was based on the presence of specific keywords and phrases that are
indicative of the reviewer's sentiment, which was done by Atlas.ti’s Al-assisted automated sentiment
analysis. After selecting the documents to be analyzed and running the sentiment analysis function, the
authors only had to verify and apply the proposed sentiment codes to the respective documents. Then, using
the code-document analysis tool a table and a Sankey diagram were created. This can be used to visualize the
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connections between the attractions and tourist sentiments, for mapping input-output flow or linkage between
two related or juxtaposed concepts [23].

In the fourth stage, the authors used SPSS to conduct cross-tabulation analysis using Chi-square to
determine whether there are statistically significant associations in the cross-tabulation. Two different
crosstabs were conducted. First, cross-tabulation between the type of destinations (i.e., coastal and inland)
and sentiment (i.e. negative, neutral, and positive) was created. Second, cross-tabulation between periods
(i.e., pre-pandemic and post-pandemic) and sentiment (i.e. negative, neutral, and positive) was also created.

In the final stage, the authors conducted thematic content analysis using Atlas.ti’s AI coding
capabilities. Upon selecting the documents to analyze, Atlas.ti carried out an automated Al-assisted coding
process. Atlas.ti was able to facilitate the identification of themes and patterns in the qualitative data (i.e.,
TripAdvisor textual reviews). The software analyzed the textual data and generated codes representing the
main themes and sub-themes emerging from the reviews [22]. While Al coding was a fully automated
process, the authors still had to double-check that all the codes and themes were correctly identified and
categorized. The software provided suggestions on how the codes could be grouped into categories based on
their relevance. Subsequently, the frequency of each code was analyzed to identify the emerging themes.
While the entire sentiment analysis process was automated, thematic content analysis cannot be fully
considered a topical modeling process, as is not yet considered a fully automated and algorithmic method.

From the thematic content analysis, the authors created two tables. The first table is a cross-tabulation
of emerging themes and sentiments, and the second is a cross-tabulation of emerging themes and attractions.
The findings were subsequently interpreted in the context of the research objectives and the existing literature
on tourism marketing research. The analysis used a combination of descriptive statistics (e.g., frequencies and
percentages), and inferential statistics (e.g., chi-square tests), to assess the significance of the findings.

3. RESULTS AND DISCUSSION

In this study, the data source was travelers’ eWOM in the form of TripAdvisor reviews. Tourist
reviews were chosen as the object of research because the reviews on the platform were done intentionally, and
uploaded on a platform that specifically discusses the travel experience—i.e., not on social media platforms
where the content is mixed. The authors only used reviews written in the English language. Popular tourist
attractions were chosen as the unit of analysis as a proxy for the overall destination image of Bali. A period of
three years (covering pre- and post-pandemic periods) was also chosen to ensure the adequacy of data.

3.1. Sentiment analysis

Of the 12 popular tourist attractions in Bali, Ubud Monkey Forest had the highest number of
reviews within the period (2,052 reviews or 30.2%), followed by Tegallalang Rice Terraces (1,142 reviews
or 16.8%). The attraction with the least number of reviews was Jatiluwih Rice Terraces (108 reviews
or 1.6%). Sentiment analysis on all 12 popular attractions indicated an overall positive sentiment towards
tourist attractions in Bali (70.4%), while only 13.4% of the sentiments were negative and 16.3% were neutral
(Table 1). The overall positive sentiment is encouraging for Bali's tourism industry. Visitors generally have
positive experiences, translating into a more positive brand image of Bali as a tourism destination which
bodes well for attracting even more tourists. Studies have shown that visitor experience is closely linked to
destination image and behavioral intention [24], and that positive destination experience contributes to tourist
satisfaction, revisit intention, and willingness to recommend [25].

Of the 6,800 reviews, 47.7% were written for coastal attractions and 52.3% for inland attractions.
This suggests that coastal and inland attractions garnered a similar proportion of reviews. The findings also
indicated that 79.0% were posted pre-COVID-19 pandemic and 21.0% were posted post-pandemic,
suggesting that understanding sentiment changes during and after the pandemic may help in adapting tourism
strategies. This supports the need to extract insights and understanding of tourists’ sentiments and emotions
through shared postings and reviews during the pandemic time by using big data analysis [26], to better
inform tourism marketing efforts and messages post-pandemic [27].

Seven attractions had higher-than-average positive sentiments, with Waterbom Bali having the
highest proportion of positive sentiments (85.9%). Five attractions had lower-than-average positive
sentiments, with Kuta Beach having the lowest proportion of positive sentiments (57.3%). Waterbom Bali
also had the lowest proportion of negative sentiments a mere 7.0%, while Kuta Beach had the highest
proportion of negative sentiments a whopping 21.7%. Waterbom Bali stands out with the highest positive
sentiment while having the lowest proportion of negative sentiment. Conversely, Kuta Beach had the lowest
proportion of positive sentiments and the highest proportion of negative sentiments (Figure 1). Though both
attractions are in close proximity to one another, both garnered markedly different responses from visitors.
Waterbom Bali is a privately operated man-made water-themed park, while Kuta Beach is a publicly

Int J Adv Appl Sci, Vol. 13, No. 1, March 2024: 63-72



Int J Adv Appl Sci ISSN: 2252-8814 a 67

operated natural attraction. This warrants further study into tourist experiences in each respective site. This
may reflect the dichotomy between publicly vs. privately operated spaces, as one study noted that while
public sites are preferred for their relatively easy access, privately operated sites are preferred for better
infrastructure and safety [28].

From Table 1 and Figure 1, it is evident that the two attractions that received the highest number of
reviews were Ubud Monkey Forest (2,052) and Tegallalang Rice Terraces (1,142). Together, they account
for 47% of the reviews for the determined period. This is perhaps due to their geographic proximity in the
Ubud area—both of which visitors can experience in a full-day or even half-day Ubud tour. They are also
popular among tour guides and tour operators offering packaged inland tours [29]. The sites were made even
more popular by the book and subsequent film “Eat Pray Love” [30].

Interestingly, while Jatiluwih Rice Terraces is a registered UNESCO World Heritage site [31], it is
less popular than Tegallalang Rice Terraces. Again, this is perhaps due to the lack of proximity between
Jatiluwih and other popular tourist sites, making it less likely for visitors to arrange a combined trip with
other interesting sites (as opposed to the proximity between Ubud, Tegallalang, and other sites such as
Tampaksiring temple and Kintamani/Mount Batur). One study used big data collected from mobile phone
locations of tourists engaging in day trips, suggesting that tourists tend to prefer day-trip chains (i.e.,
sites/locations that are close to one another, so that they can visit multiple sites in one day) [32]. This is also
seemingly true in the case of Bali, although further study is recommended.

Further, the authors conducted a cross-tabulation analysis to determine whether there are significant
differences in the sentiments between coastal and inland attractions, as well as between reviews posted pre-
pandemic and post-pandemic. Table 2 shows the cross-tabulation results juxtaposing attraction types and
sentiments. The Chi-square test yielded a calculated value of 12.789, representing the difference between the
expected (theoretical) values and the observed values [33], with a critical p-value of 0.002 (p < 0.05). This
signifies a significant relationship between attraction type and sentiment. Coastal attractions are more likely
to garner positive sentiment and less likely to garner neutral sentiments, compared to inland attractions.
Coastal attractions appear to elicit more positive sentiments and fewer neutral sentiments. One potential
explanation for this is congestion in certain attractions, as noted in another study in Spain [34]. This insight
can be valuable in understanding how different types of attractions influence visitor sentiments, which may
have implications for destination management and marketing strategies for Bali as a tourism destination.

A cross-tabulation analysis juxtaposing review periods and the sentiments indicates that tourists
are more likely to write positive reviews and less likely to write neutral revires post-COVID-19 pandemic
(Table 3). The Chi-Square test yielded a calculated value of 19.293, with a critical p-value of 0.000 (p<0.05)
signifying a significant relationship between the review period and sentiment. This finding suggests a notable
shift in tourist sentiments between pre-pandemic and post-pandemic periods. Post-pandemic, tourists are
more inclined to express positive sentiments in their reviews, while neutral sentiments have decreased. This
finding supports one study’s finding that restaurant patrons tend to share more positive sentiments post-
pandemic compared to pre-pandemic [35]. This shift may reflect changing tourist experiences and
perceptions in response to the pandemic’s impact, which warrants further investigation into tourists’ post-
pandemic sentiments and behavior.

In brief, the sentiment and cross-tabulation analyses provide valuable insights for understanding
sentiment patterns depicting tourists’ overall emotional responses to popular tourist attractions in Bali. The
insights can be used to indicate the overall sentiment on the image of Bali as a tourist destination, enhance
the island’s tourism marketing strategies, improve visitor experiences, and tailor efforts to specific
attractions. This is expected to benefit Bali’s tourism industry, just like it has for other destinations such as
Hong Kong (China) [36], Granada (Spain) [37], Cilento (ltaly) [38], and Marrakech (Morocco) [39].

Table 1. Summary of sentiment analysis for top 12 Bali attractions

No. Attraction Type Reviews  Negative (%) Neutral (%) Positive (%)
1. Ubud Monkey Forest Inland 2,052 118 16.7 715
2. Tegallalang Rice Terraces Inland 1,142 14.8 18.3 66.9
3. Waterbom Bali Coastal 630 7.0 7.1 85.9
4. Kuta Beach Coastal 585 21.7 21.0 57.3
5. Uluwatu Temple Coastal 483 12.6 15.3 72.0
6. Tanah Lot Temple Coastal 429 10.0 13.5 76.5
7. Nusa Dua Beach Coastal 353 13.9 14.7 714
8. Kelingking Beach Coastal 334 14.7 19.8 65.6
9. Bali Safari and Marine Park  Coastal 259 15.1 11.6 734
10.  Mount Batur Inland 253 17.0 249 58.1
11.  Seminyak Beach Coastal 172 18.6 14.5 66.9
12.  Jatiluwih Rice Terraces Inland 108 10.2 15.7 74.1
Total and averages 6,800 134 16.3 70.4
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Figure 1. Sankey diagram on sentiment analysis for top 12 Bali attractions

Table 2. Cross-tabulation of attraction type and sentiment

Sentiment
Negative (%)  Neutral (%)  Positive (%)
Type Coastal 13.7 14.6 71.7
Inland 13.1 17.8 69.1
Total 134 16.3 70.4

Table 3. Cross-tabulation of review period and sentiment

Sentiment
Negative (%)  Neutral (%) Positive (%)
Period  Pre-pandemic 13.6 17.2 69.2
Post-pandemic 124 12.8 74.8
Total 134 16.3 70.4

3.2. Thematic content analysis

The Al coding using Atlas.ti initially yielded 3,821 unique codes. Upon evaluation and processing
involving code merging and reclassification, the authors were able to narrow down these codes into 3,480
remaining unique codes. Of these codes, 30 appeared in 100 or more quotes from the 6,800 reviews analyzed
in this study. The 30 codes consisted of individual codes (i.e., stand-alone) and categorical codes (i.e.,
containing sub-categories of code underneath). After processing and renaming the codes as necessary for
content analysis, the authors then conducted a co-occurrence analysis juxtaposing the 30 most frequently
appearing themes (from the Al coding and subsequent processing) with tourists’ sentiments. The results of
the co-occurrence analysis are shown in Table 4, sorted by ‘groundedness’ (i.e., the number of quotations
coded by any particular code), which is used to determine the significance of certain themes [40].

As shown in Table 4, the theme ‘travel and tourism’ was found to be the one with the most
groundedness, which means it appeared in the most quotations across 6,800 tourist reviews. The theme that
appeared the second-most in review quotations was ‘nature’, signifying that Bali is still largely a travel
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destination that is known for its nature (including beaches, lakes, mountains, rice terraces, etc.). Compared to
comparable island destinations such as Singapore and Hong Kong, Bali is still known for its natural
attractions—rather than man-made ones [41]. After all, ‘beauty’ also emerged in the top eight themes.

In terms of environmental sustainability, 236 quotations were tagged ‘environmental concerns’, with
sub-themes ranging from environmental awareness, degradation, plastic pollution, and water quality, to noise
pollution (Table 4). As tourists voicing ‘environmental concerns’ are likely to perceive Bali’s tourist
attractions as neutral (24%) and even negative (30%), serious efforts must be taken to ensure sustainability.
This is in line with a study suggesting the importance of environmental concerns in ensuring sustainable
growth while considering economic and social concerns [42].

As shown in Table 4, positive sentiment is (unsurprisingly) correlated to ‘satisfaction’
(90%), ‘positive experience’ (89%), ‘recommendation’ (87%), ‘enjoyment’ (86%), ‘appreciation/admiration’
(85%), and ‘excitement’ (83%). Positive sentiment is also found to be highly correlated to ‘hospitality’
(92%), ‘cleanliness’ (88%), and ‘family-friendly’ (84%). These findings suggest that when tourists express
positive sentiments, it is often because they are satisfied with their overall experience at the destination and
that they have had positive experiences when visiting the attraction/destination. This is in line with the
assertion that an essential part of tourists’ positive experience is satisfaction, both of which are related to
positive sentiment [43].

Table 4. Co-occurrence analysis of emerging themes and sentiments

Sentiment
No. Theme Negative (%) Neutral (%) _Positive (%) ' °@ Q
1. Travel and tourism 10 19 71 2148
2. Nature 6 15 79 1625
3. Positive experience 3 8 89 1537
4. Tourist experience 16 19 65 1461
5. Enjoyment 4 10 86 1354
6.  Tourist attractions 11 17 72 1046
7. Recreation and leisure 6 15 79 954
8.  Beauty 5 14 81 828
9.  Caution 17 23 60 799
10. Recommendation 5 9 87 773
11.  Appreciation/admiration 4 11 85 725
12.  Safety 20 22 58 716
13.  Cultural experience 10 19 70 709
14.  Adventure 8 21 71 610
15.  Animals and wildlife 10 15 74 606
16. Costs and pricing 18 20 63 545
17.  Excitement 6 10 83 524
18.  Crowdedness 23 19 58 400
19.  Satisfaction 3 7 90 346
20.  Photography 9 16 75 344
21.  Family-friendly 6 10 84 340
22.  Food and beverages 4 18 79 317
23.  Dissatisfaction 41 20 39 307
24. Beach 14 20 66 305
25.  Accessibility 16 28 57 257
26.  Hospitality 4 5 92 254
27.  Environmental concerns 30 24 46 236
28.  Cleanliness 6 6 88 234
29.  Desire for improvement 14 27 59 110
30.  Annoyance 32 34 34 100

3.3. General discussion

Overall, the findings highlighted the significance of Bali's natural beauty, and themes like
cleanliness and hospitality in shaping tourist experiences and sentiments (and thus the island’s destination
image), while also noting themes such as environmental concerns and dissatisfaction as potentially harmful
to Bali’s image. To sustain the image as a destination with abundant natural beauty, a place for enjoyment, as
well as a destination for cultural experiences, Bali as a tourism destination must make active strides towards
protecting the island’s natural beauty and ensuring its environmental sustainability. This must be done as the
island faces serious environmental crises arising from overdevelopment and over-tourism including water
shortage, converted use of agricultural land, displacement, and pollution [47]. These issues can have an
adverse impact on Bali’s sustainability as well as the island’s destination image.

Further, the findings from the thematic content analysis support previous research asserting that big
data analysis in tourism marketing can help improve decision-making for destination managers, and
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formulate marketing strategies with a higher degree of personalization, transparency, and engagement with
various stakeholders [48]. Another study suggests that big data can be combined with small data (e.g., visual
eWOM, ‘ethnography’, and qualitative geographic information systems (GIS)) to gain even deeper insights
into tourism marketing [49]. One limitation of this study, however, is the potential of ‘noise’ in the dataset
derived from the TripAdvisor review. Although the authors have conducted Al-assisted data cleaning, some
noise in the data (e.g., data not cleaned properly, grammatical errors, and typos) could still slightly affect the
results of the analyses.

Another limitation is that since this data was collected from OTR (i.e., TripAdvisor), the data may not
be representative of the broader population of international tourists. This is because reviews in OTRs tend to
involve self-selection, and the review tends to skew towards active TripAdvisor users only. Since the users
posting the reviews are self-selected, there is a potential for bias (either positive or polarizing bias) as the users
who post reviews tend to be those who have had overwhelmingly positive experiences or disappointingly
negative ones. Although OTRs are more specific than social media posts, they can also be overly detailed which
could actually skew the analysis towards neutrality (i.e., when a detailed review containing both positive and
negative sentiments is categorized as ‘neutral’ by the software). Further study is needed to address these
limitations while filling the gaps identified in this study. Future studies could enhance big data analytics from
OTR platforms with qualitative studies to gain a deeper understanding of tourist experiences.

4. CONCLUSION

This study utilized Al-assisted sentiment and thematic content analyses to examine tourist reviews
of Bali’s top 12 attractions on TripAdvisor, spanning pre and post-COVID-19 pandemic periods. Findings
from the sentiment analysis conducted using Atlas.ti software revealed a predominantly positive sentiment
(70.4%) towards Bali's tourist attractions, with coastal attractions and post-pandemic reviews being more
likely to elicit positive sentiments. This pre- vs. post-pandemic shift highlights the evolving nature of tourist
experiences and perceptions in response to the pandemic’s impact. The thematic content analysis highlighted
the importance of cleanliness, hospitality, and environmental preservation in shaping Bali's positive
destination image. The thematic content analysis showed Atlas.ti’s Al coding capabilities, revealing that
positive sentiments were strongly related to satisfaction, positive experiences, recommendation, enjoyment,
and excitement. However, the study is limited by potential ‘noise’ in the dataset and the non-representative
nature of OTRs, which may exhibit bias due to self-selection. Future research should address these
limitations and further explore the evolving nature of tourist experiences by combining it with more in-depth
qualitative methods. Overall, the insights from this study could be invaluable for destination management and
marketing strategies tailored to specific attraction types, as well as to maintain positive brand image.
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