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Abstract: The tourism sector plays a crucial role in the global economy, encompassing both physical
infrastructure and cultural engagement. Indonesia has a wide range of attractions and has expe-
rienced remarkable growth, with Bali as a notable example of this. With the rapid advancements
in technology, travelers now have the freedom to explore independently, while online travel agen-
cies (OTAs) serve as important resources. Reviews from tourists significantly impact the service
quality and perception of destinations, and text mining is a valuable tool for extracting insights
from unstructured review data. This research integrates multiclass text classification and a network
analysis to uncover tourists’ behavioral patterns through their perceptions and movement. This study
innovates beyond conventional sentiment and cognitive image analysis to the tourists’ perceptions of
cognitive dimensions and explores the sentiment correlation between different cognitive dimensions.
We find that destinations generally receive positive feedback, with 80.36% positive reviews, with
natural attractions being the most positive aspect while infrastructure is the least positive aspect.
We highlight that qualitative experiences do not always align with quantitative cost-effectiveness
evaluations. Through a network analysis, we identify patterns in tourist mobility, highlighting
three clusters of attractions that cater to diverse preferences. This research underscores the need for
tourism destinations to strategically adapt to tourists’ varied expectations, enhancing their appeal
and aligning their services with preferences to elevate destination competitiveness and increase
tourist satisfaction.

Keywords: tourist behavior; cognitive image perception; mobility; multiclass text classification;
network analysis; sentiment analysis

1. Introduction

The tourism sector has a significant role in the global economy. This sector integrates
tangible infrastructural entities [1] with intangible aspects [2]. Considering the number
of elements associated with the tourism sector, its substantial impact on the economy
becomes undebatable. Tourism catalyzes employment opportunities across diverse skill
sets, allies industries, and generates revenue from international tourists [3,4]. Tourism is an
indispensable pillar for a nation’s economic health and prosperity [5].

Indonesia, an archipelago of over 17,000 islands, has a diverse combination of cul-
tures, pristine natural wonders, and historical landmarks, positioning it as a distinguished
nation within international tourism. During the initial quarter of 2023, Indonesia ob-
served a remarkable upsurge in its inbound foreign tourists, with tourist arrivals sur-
passing 2.25 million [6]. This substantial growth of 508.87% compared to the prior year’s
corresponding period highlights Indonesia’s consistent attractiveness as a notable travel
destination [6].

Bali, often referred to as the “Island of the Gods”, has consistently been an epicenter
of Indonesia’s thriving tourism industry [7]. The nation’s archipelago uniquely blends

J. Theor. Appl. Electron. Commer. Res. 2024, 19, 743–773. https://doi.org/10.3390/jtaer19020040 https://www.mdpi.com/journal/jtaer

https://doi.org/10.3390/jtaer19020040
https://doi.org/10.3390/jtaer19020040
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/jtaer
https://www.mdpi.com
https://orcid.org/0000-0001-5106-7561
https://orcid.org/0000-0002-1326-2195
https://doi.org/10.3390/jtaer19020040
https://www.mdpi.com/journal/jtaer
https://www.mdpi.com/article/10.3390/jtaer19020040?type=check_update&version=1


J. Theor. Appl. Electron. Commer. Res. 2024, 19 744

natural beauty, cultural richness, and historical significance. Famed for its temples, diverse
landscapes, and vibrant arts, the island attracts millions annually, generating rapid tourism
growth. Bali encompasses an extensive geographical area, with tourist locales distributed
from its densely frequented southern zones to its less-traversed northern, western, and east-
ern regions. This wide-ranging experience establishes Bali as a destination of considerable
appeal and captivating charm for travelers worldwide.

Modern tourist behavior has undergone significant changes due to advancements in
technology and connectivity [8]. With the rise of digital platforms and increased informa-
tion accessibility, contemporary travelers have the autonomy to independently explore
destinations, obviating the requirement for guided tour services [9]. Travelers enjoy ex-
ploring destinations based on their personal preferences and inclinations. The advent of
the internet and the expansion of diverse platforms have shifted how travelers explore
and access information about tourist destinations. Tourists commonly rely on online travel
agencies (OTAs) as valuable references when planning their travel experiences [10]. Fre-
quently, tourists depend on the digital traces shared by other tourists who have previously
visited a location to ascertain their potential interest [11]. This practice allows them to make
a well-informed choice to guarantee alignment between the destination and their personal
preferences and travel aims [12,13].

Typically, tourists give reviews of destinations that encapsulate their experiential
perspectives [14]. These appraisals encompass a spectrum of responses that include the
feelings of happiness to disappointment [15]. The data embedded within this digital
footprint offer the potential, when harnessed, to produce valuable insights. These insights
pertain to the comprehensive evaluation of tourists’ viewpoints across various aspects
of tourism. The digital data allows stakeholders to improve their offerings, enhance
visitor experiences, and customize their services to better align with the preferences and
expectations of travelers in a precise manner [14].

Analyzing tourist behavior is an essential focus for tourism researchers. Identifying
the various factors influencing travel choices remains a core area of investigation in tourism
studies [16]. Significant research in tourism management consistently points out the critical
influence of the tourist’s perception of a destination. As a service-oriented sector, tourism
heavily relies on tourists’ experiences and perceptions [17]. Reviews reflecting happiness
or disappointment are important to prove service quality and influence a destination’s
image [18]. One of the crucial perceptions of a destination that tourism stakeholders need
to consider is the tourist’s cognitive image [19–21]. The cognitive image of a tourism
destination refers to people’s perceptions about the place, shaped by information, experi-
ences, and media [22–24]. Favorable reviews conveying tourists’ sentiments of satisfaction
might serve as natural promotional mechanisms to attract visitors. Critiques articulating
dissatisfaction indicate the sectors warranting enhancement in service provisioning and
destination management, and additionally assume the role of warning signals for tourist
destinations to address specific aspects that might have been unintentionally overlooked.

Recent studies highlight the importance of analyzing tourists’ behavior through their
spatial movements. The network concept is essential in tourism research for investigating
tourist mobility and their visiting patterns across various destinations. In tourism, the
network is commonly conceptualized with ‘nodes’ representing tourist destinations and
‘edges’ signifying the connections between these destinations, which often include tourist
travel routes. These networks are vital in understanding the relationships within the
tourism system [25].

Traditional studies face challenges in uncovering tourists’ perception of destination
image and mobility. Some problems are the time-consuming surveys used, response bias,
issues with observation accuracy, and the need for prolonged data collection. The rise of
social media has transformed tourism research by providing a dynamic and rich source
of data for tracking travel trends and behaviors. This “stay connected” behavior offers
opportunities for research into tourists’ behaviors and preferences [14].
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The widespread internet connectivity across most of Bali has supported tourists in
sharing information about their travel experiences on various digital media and navigation
services, such as Google Maps, as well as platforms specifically dedicated to tourism,
like TripAdvisor. Hundreds of millions of reviews related to tourist destinations in Bali
have been written, including satisfaction ratings, narrative experiences, and various other
information. The review data serve as both an intriguing and meaningful resource. The data
are fascinating due to their open nature, meaning that they are accessible to anyone,
and meaningful because tourists generally write reviews based on their genuine feelings,
with no intention of contributing to research. This results in information that tends to
be more honest and reduces the potential informational biases that could disadvantage
stakeholders. This digital footprint creates the opportunity for more comprehensive studies
of tourist behavior.

This opportunity comes with its challenges. The narrative experience data found on
digital media predominantly exist in unstructured textual forms. The complexity arising
from the complexities in processing these data prohibits the use of conventional methods
for data handling [26]. An advanced data analytics approach is needed to derive valuable
insights from this textual dataset [14]. Data analytics possesses the capability to address
these complexities.

Since textual representation constitutes the predominant format of review data, text
mining emerges as a helpful approach that offers a precise means of managing and deriving
insights from these data. Text mining, also known as text analytics, is a computational
process that involves extracting valuable information, insights, and patterns from large
volumes of unstructured textual data. Text mining encompasses a range of advanced
algorithms and methodologies designed to transform unstructured text into structured
and analyzable data [27]. Regarding mobility, network science provides a modern and
efficient approach to understanding the intricate systems prevalent in tourism [28,29], based
on large-scale unstructured data. The destinations are conceptualized as interconnected
networks, wherein the network’s topology reveals travel patterns within the tourism
ecosystem [30].

The advanced analysis of tourist behavior, especially for destinations’ image percep-
tion and tourist mobility, has been approached with varying focuses and methodologies.
The first study conducted by Ramadhani et al. [14] laid the groundwork by mapping
tourists’ mobility based on their digital traces on tourist platforms, without considering
the dimension of cognitive image. The following study by Ramadhani et al. [31] expanded
its scope to consider the classification of tourists’ problems and their mobility networks,
although within two unrelated workflows. Alamsyah et al. [7] came closer to our research
interest by considering cognitive image alongside tourist mobility but did not discuss the
interrelations between the sentiments of different cognitive classes.

Our study advances the boundaries of previous studies that were limited to a stand-
alone examination of the sentiments and cognitive images articulated by reviewers for
each tourist destination. We introduce a pioneering approach that extends the analysis
beyond evaluating tourists’ sentiments, cognitive image perceptions, and mobility. We use
text classification, specifically sentiment analysis, to derive sentiment polarity scores for
each review and employ multilabel classification to categorize the reviews that address
specific dimensions of the destinations’ cognitive image. Our approach aims to extract
the sentiment polarities, with cognitive image dimensions, highlighted by each tourist.
A network approach is used to reveal more profound insights into the patterns of tourist
mobility. We implement network analysis techniques to visually map the interlinkages
between destinations based on sentiment polarization. This analytical paradigm helps
us understand the key nodes of tourist mobility and the intricate interplay of sentiments
spanning different dimensions. Finally, we focus on the co-occurrence of cognitive image
dimensions within the same individual’s mind and examine the sentiment correlation
between cognitive image dimensions. This research marks a significant advancement in the
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scientific comprehension of tourist behavior and fosters the creation of more competitive
and sustainable tourism offerings that resonate with diverse tourist behaviors.

2. The Related Literature

This section examines scholarly works on tourist behavior, destination image, and
tourist mobility, laying the groundwork for comprehending the tourism-related themes
discussed in this paper.

2.1. Tourist Behavior

The pervasive availability of Internet access across numerous tourism destinations
has significantly bolstered the use of social media for sharing personal narratives and
travel experiences [32]. This development has altered tourist behaviors, with social me-
dia playing a crucial role in travel planning and influencing decision-making processes.
Social media affects tourists’ behaviors, guiding their choices and experiences in various
ways [33]. Understanding the evolution of tourist behavior is a crucial area of interest for
tourism researchers.

The comprehension of the diverse determinants shaping travel behaviors remains
a pivotal research theme within the tourism discipline [16]. A notable model frequently
explored in this context is the Theory of Planned Behavior (TPB), which evolved from
the Theory of Reasoned Action (TRA) [34] and was subsequently refined by Ajzen [35,36].
The TPB has been widely recognized for its robust predictive capacity across a spectrum of
behavioral contexts, including, but not limited to, hotel selection [37], destination selection
processes [38], etc.

March and Woodside [39] critique the theory’s predictive precision, noting that the
presence of behavioral intention signifies a propensity towards attempting a specific be-
havior, rather than serving as a definitive precursor to an actual behavioral enactment.
Among all antecedents of behavior, behavioral intention serves as the most immediate
determinant and the most accurate predictor of behavior. The concept of behavioral in-
tention is characterized by the degree to which an individual has formulated conscious
plans or efforts to engage in or refrain from a particular behavior in the future, as indicated
in previous research [40]. In contrast, actual behavior is defined as the actions resulting
from behavioral intention [41]. Expanding on this framework, Javed et al. [42] assert that
tourists’ behavioral intentions significantly influence their actual behaviors, particularly in
the context of selecting a travel destination. Considering the critical role of behavioral in-
tention in determining actual behavior, several factors have been identified as significantly
influencing behavioral intention [43].

Research in the field of tourism management has consistently highlighted the signifi-
cant role that the image of a destination plays in influencing tourist behavior. Collective
findings from a range of studies [44–50] have provided robust evidence that destination
image impacts behavioral intentions in both direct and indirect ways. These findings sug-
gest that destination image contributes positively to tourists’ decision making and offers
predictability in tourism behaviors.

Recent research underscores the significance of examining tourists’ spatial behaviors.
The integration of new technologies into tourism studies has surged, enabling a more so-
phisticated analysis of tourist mobility patterns [51,52]. These technological advancements
offer an innovative approach to examining tourist mobility patterns, allowing for studies
across larger populations that enrich traditional and smaller-scale survey research. The
advent of big data has further expanded the scope of tourist mobility analyses, allowing for
deeper insights into various dimensions of tourists’ movement. Most of the findings from
these studies predominantly focus on outlining the common behavioral trends observed
within this population.
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2.2. Destination Image

A tourism destination is a crucial area in which tourists engage in activities, ranging
from particular sites to city areas [53,54]. Tourists’ behavior is influenced by the quality
of the destination they visit. High-quality destinations improve both tourist experiences
and attract visitors [55]. Tourists seek quality destinations for a positive experience [12].
As a result, the assessment of a tourism destination’s quality has become a central focus
in numerous research studies [56,57]. The image holds a crucial position for destination
marketers in distinguishing their destination within the context of the intense competition
in the market [58]. Destination attributes summate to a brief description of a destination’s
fundamental characteristics, including the destination’s image [59].

Destination image is crucial in effective tourism management and destination market-
ing [18]. The conceptualization of the destination image, introduced by Crompton [60], gained
significant traction during the early phases of destination image research. Crompton [60]
defined a destination image as a composite collection of an individual’s beliefs, ideas, and
impressions concerning a particular destination. Destination images contain a subjective ar-
rangement of details about a destination, made by individuals, influencing tourist behavior [61].

A conceptual framework of destination images comprising three core constituents,
cognitive, affective, and conative, has been proposed [62]. Many scholars agree that the
comprehensive evaluation of a tourist destination encompasses three critical aspects that
shape a tourist’s inclination to consider visiting the destination [63–67]. The cognitive
image pertains to tourists’ perceptual evaluations of destination attributes, encompass-
ing attractions, environmental conditions, public amenities, and infrastructural facilities.
The affective image involves their cognitive appraisal, influenced by personal attitudes
and values. The conative image pertains to the intention or propensity of tourists to visit,
reflecting their inclination towards travel [62]. The significance of formulating destination
images, for managers, is underpinned by their essential role in shaping tourists’ decisions
and behaviors [68]. The overstated and unrealistic representation of destination images
potentially delivers long-term harm to a destination’s future [69].

In the current digital age, tourists can utilize online resources to research potential
travel destinations, transportation options, lodging, and recreational activities [70]. Recent
recognition from both scholars and industry experts has highlighted the indispensable role
of the Internet in shaping our perceptions of travel destinations. Studies have demonstrated
that online searches profoundly influence both the cognitive perceptions and emotional
responses associated with a destination’s image. However, the focus of much of this
research has traditionally been on the cognitive aspects of destination images [71–73].
User-generated content on the internet, including reviews about travel destinations, accom-
modations, and tourism services, has become an indispensable source of information for
travelers [74]. A prior study discovered that, among the fundamental components of a des-
tination image, only the cognitive image mediates the relationship between user-generated
content (UGC) and behavioral intentions, which in turn affects the future behaviors of
tourists [42]. Given that this study utilizes UGC as a data source, we focus on the most
pertinent dimension, the cognitive image, which is a limitation of this study.

Based on this information, we analyze the cognitive image components, as detailed in
Table 1 [75], in our analysis.

Table 1. Cognitive image dimensions.

Component Characteristics

Natural attraction Presence of natural beauty areas, historical sites, and museums.

Infrastructure
The presence of high-quality accommodation, a comprehensive tourism
information network, established hygiene standards, and the maintenance
of satisfactory cleanliness conditions.

Atmosphere Beautiful beaches, appealing entertainment options, and sufficient
facilities for sports and recreational activities.

Social environment Friendliness of residents and safety of the environment.
Value for money Reasonable pricing, affordability, and value for the cost.
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2.3. Advanced Learning on Destination Image Perception

With the ever-growing abundance of digital data, it is essential to evolve our un-
derstanding of the destination image concept by leveraging sophisticated approaches.
These advanced methodologies have ranged from text-based sentiment analysis to deep
learning applications, each contributing valuable insights into how destinations are per-
ceived through various lenses. Many preceding studies examining destination images
have laid a foundation for our investigation. Previous studies [76] have focused on the
sentiments expressed on social media post-earthquake, employing sentiment analysis and
Latent Dirichlet Allocation (LDA) topic modeling to interpret public emotions and themes.
This approach was instrumental in identifying shifts in public perception over time, a
crucial understanding for post-crisis destination management. Lalicic et al. [77] utilized
compositional data analysis to scrutinize Airbnb reviews, thus offering a designative, ap-
praising, and prescriptive perspective on destination images. Their findings underscored
the critical role of peer-to-peer accommodation experiences in shaping destination images,
highlighting the role of personal experience in image formation.

Similarly, Lingkun Meng et al. [78] adopted a big-data approach to explore the destination
image gap in Sanya City, revealing discrepancies between tourists’ cognitive images and its
official positioning. Arefieva et al. [79] utilized the power of deep learning to cluster Instagram
images, providing insights into the visual representations of tourist destinations. Qian et al. [80]
analyzed user-generated photos to explore the destination images of dark tourism.

Lee and Park [81] conducted a mixed-methods analysis to explore the cross-cultural
dimensions of a destination image. They explored the multifaceted nature of destination
images across different cultures through text mining, sentiment analysis, and cross-cultural
surveys, emphasizing the need for culture-based destination marketing approaches. They
provided an extensive understanding of how various nationalities perceive different di-
mensions of destination images, such as infrastructure and cultural heritage. Unlike
image-based analyses, which predominantly interpret the visual representation of destina-
tions, a text-based approach allows for the extraction of explicit sentiments and the intricate
subtleties of tourist experiences, as expressed in their own words. Textual data offer direct
articulations of tourist perceptions, encompassing various cognitive evaluations—from the
tangible aspects like infrastructure to intangible dimensions such as atmosphere and social
environment. This comprehensive textual analysis facilitates a more granular understand-
ing of the tourist experience, as it captures the richness of the descriptive language that
tourists use to convey their encounters and impressions. It also enables the discernment
of specific patterns in tourist decision-making processes, often communicated through
detailed narratives in reviews. A textual analysis allows for a direct engagement with the
tourist’s voice, capturing their explicit sentiments and nuanced commentary.

2.4. Tourist Mobility

Mobility is a pivotal factor in driving the economic growth of the tourism sector [82].
Understanding tourist mobility patterns is crucial for effective tourism planning and
management, as it offers insights into travelers’ preferences, aiding in the development of
tourism routes, marketing strategies, and destination recommendations [83–85]. Traditional
methods like surveys and interviews have been employed to study tourism mobility [52],
but network science theory offers a modern approach to understanding the complex
systems within tourism [28]. This theory suggests that destinations can be viewed as inter-
connected network systems, where the topology of these networks significantly influences
travel patterns and flows, creating diverse networks within the tourism ecosystem [30].

2.5. Network Science in Tourism

Originating from the mathematical foundations of graph theory, network science
examines network models, intending to uncover universal principles that can explain both
the structural characteristics and the dynamics of networks. This field aims to provide a
comprehensive understanding of observed systems by modeling their behavior and iden-
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tifying their underlying patterns [83]. Network analysis offers a robust methodology for
exploring complex interrelationships between diverse entities [86]. This method involves
creating networks by organizing data into matrices, subsequently producing essential
network metrics through detailed computations [87]. In the context of tourism research,
networks are often structured with nodes as visited destinations and edges representing the
linkages between nodes, contingent on the visitor traffic to particular destinations [7,14,31].

Rooted in graph theory, network science has broadened its application beyond static
models to explore dynamic systems, driven by both empirical and theoretical inquiry. This
approach is particularly impactful in tourism, where network analysis illuminates the connec-
tions between destinations, enhancing tourism quality [28]. It effectively maps tourist mobility,
uncovering the spatial patterns and relationships among destinations [80]. Studies [29,88,89]
have demonstrated its application in analyzing tourist flows and networks globally.

The advent of social media has revolutionized tourism research, offering a rich, real-
time data source for analyzing travel patterns and behaviors. About 65% of users turn to
social media for travel ideas [90], indicating its significant influence on travel planning
and sharing. This user-generated content enriches the dataset available for analysis but
poses new challenges, particularly for researchers without a computer science background.
The characteristics of big data, encapsulated by the four Vs (volume, velocity, variety, and
veracity) [91], necessitate advanced data analytic capabilities. Despite these challenges, the
utilization of social media in tourism studies is flourishing, leveraging digital footprints
to conduct analyses at unprecedented scales and resolutions. Series of studies [51,92–95]
have underscored the growing importance of social media data in understanding tourists’
behavior, preferences, and satisfaction in real time, enriching the field of tourism and
hospitality research with deep, actionable insights.

3. Methodologies

This study adopts a data analytics methodology that includes data collection, analysis,
and conclusion formulation. We leverage text classification to extract insights from large text
datasets and employ network analysis to examine the relationships and structures within
the data to provide a comprehensive analysis that informs our conclusions. The research
workflow is illustrated in Figure 1 and further explained in detail in the following subsection.
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3.1. Data Collection

Our analysis involves user-generated content (UGC) from a reputable online review
platform, TripAdvisor, and 56,448 reviews about popular destinations in Bali. The dataset
included reviewer usernames, evaluation content, visit context, and ratings, with no time
restrictions on the reviews collected. These review data are open source and accessible
to everyone. Our dataset is constrained to information that is openly available on the
platform. Hence, we have abstained from incorporating demographics or any other form
of private data. TripAdvisor was selected as the data source for this research based on data
availability and accessibility.

The collected data require preliminary preprocessing before being subjected to analysis.
A text preprocessing stage is employed to elevate our dataset’s quality and structural
coherence. Following the research workflow, the data preprocessing phase is divided into
textual and network data processing segments.

3.2. Textual Data Preprocessing

Textual data processing is conducted to ensure data compatibility with the intended
text classification approach. There are several essential stages:

■ Transformation: converting text to a consistent format to reduce inconsistencies,
including changing text to lowercase to ensure uniformity. For example, the original
review “This place is REALLY nice to hike, however if you are NOT going to hike it is not
worth it” is transformed to “this place is really nice to hike, however if you are not going to
hike it is not worth it.”

■ Tokenization: breaking down a block of text into smaller units called tokens to enable
manageable components, allowing for further analysis at a granular level. For exam-
ple: [“this”, “place”, “is”, “really”, “nice”, “to”, “hike”, “,”, “however”, “if”, “you”, “are”,
“not”, “going”, “to”, “hike”, “it”, “is”, “not”, “worth”, “it”, “.”]

■ Stemming: words are reduced to their base or root form by removing suffixes or
prefixes to simplify words and consolidate related terms, reducing the complexity of
the dataset. For example: [“thi”, “place”, “is”, “realli”, “nice”, “to”, “hike”, “,”, “howev”,

“if”, “you”, “are”, “not”, “go”, “to”, “hike”, “it”, “is”, “not”, “worth”, “it”, “.”]
■ Lemmatization: linguistic simplification by reducing words to their fundamental

forms while considering their grammatical context. For example: [“this”, “place”, “be”,
“really”, “nice”, “to”, “hike”, “,”, “however”, “if”, “you”, “be”, “not”, “go”, “to”, “hike”,
“it”, “be”, “not”, “worth”, “it”, “.”]

■ Stopword removal: noise is reduced by removing the common words in the text
with less meaningful information, enabling a focus on words with greater semantic
significance. For example: [“place”, “really”, “nice”, “hike”, “,”, “however”, “going”,

“hike”, “,”, “worth”, “.”]
■ Rejoin Token: after applying the previous preprocessing steps, tokens may have been

altered or separated. The “Rejoin Token” step involves reassembling the tokens back
into coherent text while retaining the preprocessing changes. For example, “place
really nice hike, however going hike, worth.”

We preprocessed 56,448 textual data entries to refine the dataset for modeling. This
removes mismatched and redundant text elements for a more efficient analysis phase.

3.3. Text Classification

Textual data present specific challenges due to their lack of a well-defined structure,
natural ambiguity, and enhanced complexities. The nature of textual data is less favorable
for pattern extraction. Text mining is a recent scientific development that aims to seek
valuable insights from natural language textual data. The swift advancement of artificial
intelligence and natural language processing [96,97] offers a solid technological foundation
that expands the potential of robust text mining [98,99]. In the mid-1980s, text mining
emerged from the combination of natural language processing (NLP) and data mining
principles [100].
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NLP involves a systematic computational approach to acquire insights into how
humans employ, utilize, and comprehend language [101]. While data mining is primarily
used to process structured database data, text mining, along with the NLP approach,
is specifically designed to deal with unstructured or semi-structured textual data [102].
Prior studies defined text mining as a technique used to extract meaningful information
from text data [26]. By employing machine learning algorithms and related methods, text
mining analyzes unstructured text data to uncover patterns, trends, and insights [27]. This
approach is widely acknowledged as nontrivial, highlighting its inherent complexity and
associated challenges [102].

Text classification is a text mining technique that systematically categorizes textual
content into predetermined classes or categories. This technique employs machine learning
to assign text to predetermined specific classes or categories [103]. In the era of big data,
text mining is important for managing and structuring extensive unstructured textual data.
The notable applications of text mining include sentiment analysis to assess the emotional
tone or sentiment expressed within a given text and other multiclass categorization tasks
where texts are assigned to multiple classes based on their content or context.

Sentiment analysis is a technique that employs advanced natural language processing
(NLP) methods to extract, transform, and evaluate the opinions expressed in text, classifying
them as positive, negative, or neutral sentiments [104]. Previous research [105] explains that
sentiment analysis is an automated tool capable of deriving subjective information from
natural language texts, encompassing sentiments and opinions. This process generates
structured and accessible knowledge that supports decision making. We use sentiment
analysis to uncover tourists’ opinions about various aspects of tourist destinations and the
services provided. The proposed sentiment analysis model aims to reveal the sentiments
of tourists by examining their reviews of specific destinations on the online platform. The
result is an understanding of general tourist perceptions, which are classified into two
primary categories: positive and negative.

BERT, a neural network-based method developed by Google, revolutionizes natural
language processing (NLP) with its pre-training capabilities. The method is remarkable
for its in-depth understanding of language’s subtleties, mirroring human comprehension.
BERT leverages transformer technology, adept at recognizing the contextual relationships
between words or sub-words, which can vary based on their position in a sentence [106].
The embedded deep learning approaches in BERT facilitate a more nuanced handling of
linguistic data, surpassing the intelligence of task-oriented architectures [107]. Compared
to conventional machine learning methods such as Naïve Bayes and SVM, BERT provides
a more advanced understanding of a word’s context within sentences. The Naïve Bayes
technique is appreciated for its efficiency [108] but is less capable of understanding the con-
texts and assumes feature independence. Conversely, SVM is favorable in high-dimension
data [109] but adjusting SVM’s parameters can be complicated and might not intuitively
perceive textual contexts. Therefore, BERT emerges as the favored choice.

To come to this conclusion, we provided a labeled dataset for preparing a specialized
sentiment analysis model and compared the performance of the Naïve Bayes, SVM, and
BERT models, as shown in Table 2. Our findings show that BERT is superior to the other
two models.

Table 2. Comparison of sentiment models’ performances.

Model Accuracy F1 Score

Naïve Bayes 78.81% 73.99%
SVM 86.17% 85.68%
BERT 87.20% 86.97%

BERT-based sentiment analysis achieved the highest accuracy, at 87.20%, showcasing
its superior capacity to precisely classify the sentiments related to various destinations.
Its accuracy and f1 scores ensure that advanced techniques like BERT are suitable for
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systematically evaluating and categorizing tourists’ sentiments and opinions; this analytical
approach provides a comprehensive understanding of the general perceived experiences
and satisfaction levels of visitors.

In the next stage, we apply a multiclass text classification technique to categorize
reviews into the destination’s cognitive image dimensions. This multiclass text classifica-
tion involves systematically categorizing text within the dataset into diverse dimensions
or categories. Our analysis aimed to classify the review data into six cognitive image
dimensions. The construction of the classification model requires splitting the dataset into
separate training and testing sets. For the training set, the reviews are annotated according
to the cognitive attributes of the destination image displayed, as exemplified by the labels
presented in Table 3.

Table 3. Examples of cognitive attribute labels.

Review Label

We loved this trip to a beautiful place, spiritual and relaxing. Natural attractions
A few souvenir shops there as well and a cafe in the main building. Infrastructure
Would recommend. The place is nice and clean. Atmosphere
The entrance is well maintained with facilities for eating and resting. Social environment
Due to its central location, it is easily accessible from the city center. Value for money

Our analysis of cognitive image perception utilizes BERT as the underlying multiclass
text classification method. The primary reason for choosing BERT is its proven effectiveness
in comparable analytical tasks. To validate BERT’s efficacy in terms of our data, we
compared the model performance of BERT to the Naïve Bayes and SVM, as shown in
Table 4. The BERT model exhibited exceptional performance, achieving the highest accuracy
score of 95.30% and a corresponding f1 score of 95.30%. These scores underscore the
BERT model’s remarkable ability to accurately predict and classify the cognitive image
perceptions associated with different destinations.

Table 4. Comparison of multiclass classification models’ performances.

Model Accuracy F1 Score

Naïve Bayes 52.69% 46.17%
SVM 86.52% 86.56%
BERT 95.30% 95.30%

The multiclass classification methods allow us to categorize reviews according to
their cognitive dimensions. The objective is to understand the cognitive image class under
review. We integrate sentiment analysis with multiclass classification to categorize the
cognitive image of each destination. This approach allows us to discern tourist perceptions
across diverse cognitive images, thereby providing an understanding of the strengths and
weaknesses inherent in the cognitive image of each destination. Through this methodol-
ogy, we aim to offer a comprehensive perspective on how each destination is perceived,
emphasizing areas of acclaim and potential areas for enhancement.

We extend our investigation to analyze the patterns of the cognitive classes mentioned
by individual tourists, focusing on the concurrence of cognitive images. This exploration
offers critical insights into the tendency of one cognitive class to be associated with others
in the tourist’s mind. It is essential to recognize that these co-occurrences do not always
signify the same viewpoints but also contrasting or divergent viewpoints. Advancing
this line of inquiry, we examine the correlations between positive sentiments within each
cognitive class. This comprehensive and systematic approach deepens our understanding
of the magnitude and direction of the interactions of tourist perceptions across cognitive
images, thereby enriching our knowledge of these complex tourist experiences.
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3.4. Network Data Preprocessing

The network data preprocessing stages involved the creation of two components: the
node list and the edge list. The node list comprises a set of entities representing destinations
and their associated characteristic information. The edge list represents the relationships or
connections between the nodes, the destinations [7,14,31]. We include information on each
location’s most favorable and least favorable cognitive image dimensions. Each respective
node list also encompasses the location names and geographical coordinates (latitude and
longitudes). The example of node list is shown in Table 5.

Table 5. Example node list.

Label Longitude Latitude
Favorable
Cognitive

Dimension

Less Favorable
Cognitive

Dimension

Bali Zoo 115.26581 −8.59189 Natural Attraction Value for Money
Canggu Beach 115.13040 −8.65983 Natural Attraction Infrastructure

Devil Tears Beach 115.42934 −8.69076 Natural Attraction Infrastructure
Double Six Beach 115.16068 −8.69635 Natural Attraction Infrastructure

Jimbaran Bay 115.16866 −8.76947 Atmosphere Infrastructure

The construction of the edges dataset depends upon context: a user contributes reviews
for different destinations (e.g., the Sacred Monkey Forest Sanctuary and Mount Batur),
which indicates that they have visited both destinations. This interpretive framework
serves as the foundation for generating sets of edges. The dataset of edges is constructed
upon pairs of destinations. This scenario and an example of its edge list are visually shown
in Figure 2.
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This study involves 18 nodes from the node list and 27,412 node pairs from the edge
list. The prepared node list and its corresponding edge list establish a holistic tourist
visitation network with incorporated geographical mapping.

3.5. Mobility Network Construction

The network approach enhances our comprehension of complex behaviors based on
their structural patterns [86]. This network ability provides insights into tourist mobility
and popular destinations, giving significant information about these particular destinations.
We combine tourist perceptions with diverse cognitive images to develop separate networks
for the most favorable and the least favorable cognitive images. The map of these cognitive
dimensions offers two main advantages. First, it visually displays visitor trends, helping
us to have a better grasp of tourist activities. Second, it identifies the zones needing action
for their improvement or sustainable growth. Using this combined approach deepens our
comprehension of destination features and their importance in a complex tourism scenario.

Centrality is an important network parameter that plays a fundamental role in quan-
tifying the importance of destinations by examining their positions and roles within the
network structure. This study delves into various essential centrality metrics, providing a
comprehensive elaboration of their meanings and implications in the context of tourism
networks, as detailed in Table 6. By exploring destination centrality, this study offers
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insights into the structural importance of each destination in the network, revealing how
certain locations serve as crucial hubs or critical connectors. This understanding is valuable
for stakeholders in the tourism industry to identify the key destinations that significantly
influence tourist flows and patterns.

Table 6. Centrality metrics.

Centrality
Metrics Explanation

Degree
Centrality

Evaluating the significance of nodes in accordance with the number of their direct
connections. In the context of tourism analysis, degree centrality quantifies the
importance of specific destinations by considering the number of connections they
have with other destinations. This metric is especially relevant for identifying
popular tourist destinations that have a higher number of direct visitation
connections, reflecting their prominence in the overall tourist mobility network.

Betweenness
Centrality

Evaluating the significance of nodes by considering their role as intermediaries
in connecting pairs of nodes across the entirety of the network. In the context of
tourism analysis, betweenness centrality indicates the extent to which specific
destinations act as crucial connectors, facilitating the flow of tourist mobility
between various attractions. Destinations with higher betweenness centrality
values play a pivotal role in maintaining the overall connectivity of the tourism
network by serving as key points for tourists to pass through.

According to Alamsyah and Ramadhani [86], in addition to network centrality, modu-
larity is another important metric. Modularity measures the extent of community formation
within a given network. The Louvain Modularity method is utilized to identify communi-
ties within the networks of interconnected companies.

The Louvain Modularity formula is a fundamental technique used in discerning
different communities within a network. This formula is widely used in algorithms for
community detection to calculate how a network can be divided into modules or commu-
nities that are internally more interconnected than with the larger network. The Louvain
Modularity formula mathematically expresses the variance between the actual number of
edges inside communities and the number of edges one would expect in a random network.
The formula is as follows:

Q =
1

2m∑i,j

(
ei,j −

kik j

2m
δ
(
Ci, Cj

))
,

In the context of tourists’ mobility between destinations, the Louvain Modularity
formula is applied to analyze the connectivity and grouping of these destinations. In this
scenario, each node in the network represents a destination. ei,j represents the connection
strength between any two nodes (destinations) i and j are determined by the frequency
of tourists’ mobility between them. For nodes i and j, ki and k j represent the cumulative
weights of the connecting edges associated with each of their respective connecting edges.
Ci and Cj represent the distinct communities or groups to which destinations i and j are
affiliated, based on similarities in their tourist mobility patterns. The Kronecker delta
function, denoted as δ, is defined as 1 when x = y and 0 when x ̸= y. In the Louvain method,
each node starts in its own community. The change in modularity (∆Q) is calculated
by provisionally relocating node i from its original community to other communities to
which it is connected. If the relocation leads to an increase in modularity, node i is then
moved to the community that offers the highest increase in ∆Q. If the move does not
lead to higher modularity, node i remains in its original community. This methodical
procedure is repeated for each node until no additional modularity enhancement can be
achieved. Employing modularity to analyze tourist mobility behavior provides essential
insights for scientific and strategic planning in the tourism industry. It allows for precisely
categorizing destinations based on tourist traffic patterns, providing valuable insights into
travel routes and destination clusters. This methodological approach is crucial for strategic
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planning and resource management in the tourism industry, enhancing our understanding
of tourist behavior. The application of network analysis in tourism research, by elaborating
various metrics such as centrality and modularity, provides a comprehensive framework
for understanding and interpreting the complex patterns of tourist mobility.

4. Results

Our analysis centers on Bali’s most popular tourist destination and is based on a
number of visitors’ feedback. Tourist destinations encompass natural wonders and religious
and cultural sites, including:

(a) Natural Wonders:

(1) The Sacred Monkey Forest Sanctuary: a forest reserve where monkeys and
natural beauty can be observed.

(2) Sanur Beach: a serene beach known for its sunrise views.
(3) Seminyak Beach: a popular beach known for its sunsets and beach clubs.
(4) Mount Batur: an active volcano and trekking destination.
(5) Pandawa Beach: a secluded beach with clear waters.
(6) Jimbaran Bay: a beach area famous for its seafood and sunsets.
(7) Double Six Beach: a lively beach with beach bars and sunset views.
(8) Devil Tears: a dramatic rocky outcrop with powerful waves.
(9) Kelingking Beach: a secluded beach with a unique cliff viewpoint.
(10) Canggu Beach: a beach area known for its surfing.
(11) Mount Agung: the highest peak in Bali and an active volcano.

(b) Religious and Cultural Sites:

(1) Uluwatu Temple: a sea temple on a clifftop with ocean views.
(2) Tanah Lot Temple: a temple on a rock formation off the coast.
(3) Ulun Danu Bratan Temple: a picturesque temple on Lake Bratan.
(4) Tirta Gangga: a former royal palace with water gardens.
(5) Lempuyang Temple: a temple complex known for its ‘Gates of Heaven’.

Our results present a comprehensive overview of the popularity of various tourist
destinations in Bali based on their number of reviews, as shown in Figure 3. The Sacred
Monkey Forest Sanctuary emerges as the most popular attraction, with 18,542 reviews.
With 5902 reviews, Uluwatu Temple underscores tourists’ interest in historical and spiritual
landmarks. The Sanur Beach and Tanah Lot Temple, both surpassing 4000 reviews, show
the beauty of Bali’s coastal and religious sites. A closer look at the data shows that even
though Seminyak Beach and Nusa Dua are famous beaches, they have received average
review numbers, while places like Mount Batur, Ulun Danu Bratan Temple, Kelingking
Beach, Lempuyang Temple, Canggu Beach, and Mount Agung have fewer reviews. This
might mean that they are not being promoted enough for tourism or that they cater to a
particular segment of travelers, or that visitors do not feel as compelled to leave a review
as they do for top destinations.

While review counts serve as an instrumental metric in understanding tourist prefer-
ences, we also discovered deeper information about the touristic aspects of Bali, the diverse
sentiments and interests of its visitors, and potential areas of focus for tourism development.
We present these findings in several sections to provide a detailed view of them.

4.1. General Tourist Perceptions

Sentiment analysis has emerged as a sophisticated tool for assessing tourism destina-
tions. Through tourist sentiment information, strengths and weaknesses allow destination
stakeholders to proactively address issues, anticipate emerging trends, and maintain a
competitive edge. This section presents an overview of the general sentiment perceived
by tourist for destinations, offering insights into the broader sentiments and opinions
expressed by tourists. Our study delves into the prevailing sentiments associated with
various tourist destinations through BERT-based sentiment analysis techniques.
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The sentiment analysis results of different tourist destinations in Bali are detailed in
Table 7 and illustrated in Figure 4. The overall average sentiment across these destinations
is notably positive, with an average of 80.36% positive reviews against an average of
19.64% negative reviews. We observed that 7 out of 18 tourist destinations received positive
sentiments lower than the average, with most of these destinations categorized as beaches.

Table 7. Sentiment distributions for each destination.

No Destination Number of Reviews
Sentiment

Positive Negative

1 Sacred Monkey Forest
Sanctuary 18,542 83.57% 16.43%

2 Uluwatu Temple 5902 81.46% 18.54%
3 Sanur Beach 4526 71.79% 28.21%
4 Tanah Lot Temple 4218 80.99% 19.01%
5 Seminyak Beach 3761 62.06% 37.94%
6 Nusa Dua 3324 82.55% 17.45%
7 Bali Zoo 2640 86.33% 13.67%
8 Mount Batur 1815 85.67% 14.33%
9 Ulun Danu Bratan Temple 1722 86.30% 13.70%
10 Tirta Gangga 1557 92.68% 7.32%
11 Pandawa Beach 1511 79.35% 20.65%
12 Jimbaran Bay 1430 69.37% 30.63%
13 Double Six Beach 1323 68.86% 31.14%
14 Devil Tears 1263 86.86% 13.14%
15 Kelingking Beach 713 93.97% 6.03%
16 Lempuyang Temple 596 77.01% 22.99%
17 Canggu Beach 555 64.50% 35.50%
18 Mount Agung 266 88.72% 11.28%

Average 80.36% 19.64%
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The observed tendencies emphasize stakeholders’ need to identify and address foun-
dational concerns, thus ensuring augmented visitor satisfaction and the sustainable man-
agement of these pivotal tourism destinations. At the same time, the current selection of
attractions offers a broad perspective on the sentiment distribution across different tourist
destinations without including any specific destination aspects. The following section
will provide a more intricate investigation, delving into the sentiments related to distinct
cognitive image dimensions for each destination to support our deeper understanding of
these places.

4.2. Tourist Perceptions across Diverse Cognitive Images

In tourism research, understanding the cognitive image of a destination is crucial as it
offers a window into the expectations, perceptions, and subsequent evaluations of tourists.
We analyze these cognitive constructs, categorizing them into five distinct dimensions:
value for money, social environment, atmosphere, natural attractions, and infrastructure.
This method provides an understanding of tourists’ priorities and uncovers the essence of
what tourists consider vital when choosing a destination.

We present the distribution of tourists’ cognitive considerations of a destination, as
shown in Figure 5. Foremost is the “Value for Money”, highlighting that tourists are
particularly conscious of the cost–benefit dynamics of their travel experiences. Tourists
evaluate destinations based on their intrinsic qualities in relation to monetary investments,
indicating the importance of competitive pricing and perceived value in the tourism indus-
try. Closely following is the importance of the “Social Environment” and “Atmosphere”,
which underline tourists’ appreciation for cultural interactions and the general ambiance
of a place. Surprisingly, traditionally prioritized aspects like “Natural Attraction” and
“Infrastructure” trail behind, suggesting that while intrinsic beauty and basic amenities
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are essential, modern tourists seem more inclined to value experiential elements and the
overall value of their visit.
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Our analysis subsequently delves deeper into the specific sentiments related to each
dimension. Advanced exploration is designed to provide a more intricate understanding of
these dimensions, comparing the relative importance of each dimension with tourists’ emo-
tional perceptions during their interactions with the destination. We observed that “Value
for Money”, “Social Environment”, and “Infrastructure” received positive sentiments that
were below the mean value. A comprehensive breakdown of these data is illustrated in
Table 8 and further depicted in Figure 6.

Table 8. Sentiment score for each destination.

No Cognitive Image
Destination Number of Reviews

Sentiment
Positive Negative

1 Value for Money 16,997 79.3% 20.7%
2 Social Environment 14,751 78.9% 21.1%
3 Atmosphere 12,639 82.3% 17.7%
4 Natural Attraction 8280 86.6% 13.4%
5 Infrastructure 2997 67.4% 32.6%

Average 80.36% 19.64%

Our evaluation of the sentiment scores across cognitive image dimensions shows
interesting patterns. “Atmosphere” and “Natural Attraction” stand out with noteworthy
positive ratings of 82.3% and 86.6%, respectively. A destination’s emotional resonance and
natural offerings leave a lasting positive impression on visitors. In contrast, “Infrastructure”
demonstrates a marked deviation, with a positive sentiment of 67.4%, indicating the infras-
tructural challenges that may impact the overall tourist experience. Infrastructure serves as
the backbone of any tourist experience, influencing accessibility, mobility, and overall con-
venience. This suggests that there might be tangible infrastructural challenges—perhaps
relating to transportation, amenities, or even digital connectivity. “Value for Money” and
“Social Environment” hover just below the average, suggesting that tourist expectations
might not be entirely met.

Following our examination of the overall sentiment scores across these cognitive image
dimensions, we explored the distribution of sentiments across each dimension within indi-
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vidual tourist destinations. This exploration aimed to gain a more granular understanding
of how each destination performs across different cognitive aspects. The distribution of
positive sentiments for each cognitive image dimension is shown in Figure 7. The variation
of visitors’ sentiments toward the cognitive image dimensions of each tourist destination is
provided in Table 9. Visitors’ perceptions vary based on their experiences and the offerings
at each destination. The interesting finding is that the infrastructure dimension displays a
wider range of positive sentiments than the other categories, indicating a greater variety
of opinions and experiences related to infrastructure. While some destinations might have
exceptional infrastructure that meets or exceeds visitor expectations, others might have areas
that require improvement, leading to this broader spectrum of feedback. “Ulun Danu Bratan
Temple” received a sentiment of 93.10%, suggesting that well-developed infrastructure can
significantly elevate the tourist experience. In contrast, a location like “Canggu Beach”
significantly trails, with a sentiment of 37.04%, revealing potential infrastructure challenges.
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Table 9. Sentiment score for each cognitive dimension of each individual destination.

No Destination Value for Money Social Environment Atmosphere Natural Attraction Infrastructure

Positive Negative Positive Negative Positive Negative Positive Negative Positive Negative

1 Sacred Monkey Forest Sanctuary 82.77% 17.23% 81.55% 18.45% 86.98% 13.02% 86.74% 13.26% 82.18% 17.82%

2 Uluwatu Temple 78.71% 21.29% 79.16% 20.84% 84.32% 15.68% 85.98% 14.02% 79.76% 20.24%

3 Sanur Beach 73.07% 26.93% 71.77% 28.23% 74.57% 25.43% 74.70% 25.30% 56.48% 43.52%

4 Tanah Lot Temple 76.45% 23.55% 75.00% 25.00% 86.63% 13.38% 88.18% 11.82% 82.00% 18.00%

5 Seminyak Beach 62.67% 37.33% 57.20% 42.80% 68.84% 31.16% 72.48% 27.52% 46.80% 53.20%

6 Nusa Dua 78.50% 21.50% 84.55% 15.45% 83.27% 16.73% 84.95% 15.05% 80.09% 19.91%

7 Bali Zoo 75.98% 24.02% 94.45% 5.55% 94.01% 5.99% 95.45% 4.55% 92.86% 7.14%

8 Mount Batur 84.85% 15.15% 84.66% 15.34% 86.52% 13.48% 89.15% 10.85% 90.20% 9.80%

9 Ulun Danu Bratan Temple 82.70% 17.30% 80.58% 19.42% 91.13% 8.87% 90.97% 9.03% 93.10% 6.90%

10 Tirta Gangga 91.42% 8.58% 89.40% 10.60% 95.93% 4.07% 92.69% 7.31% 87.50% 12.50%

11 Pandawa Beach 77.83% 22.17% 69.85% 30.15% 81.61% 18.39% 89.76% 10.24% 84.68% 15.32%

12 Jimbaran Bay 55.02% 44.98% 74.12% 25.88% 87.78% 12.22% 84.46% 15.54% 52.99% 47.01%

13 Double Six Beach 75.46% 24.54% 63.57% 36.43% 73.36% 26.64% 81.31% 18.69% 50.00% 50.00%

14 Devil Tears 87.89% 12.11% 82.28% 17.72% 90.21% 9.79% 90.52% 9.48% 71.43% 28.57%

15 Kelingking Beach 95.67% 4.33% 91.46% 8.54% 92.70% 7.30% 97.70% 2.30% 84.62% 15.38%

16 Lempuyang Temple 76.14% 23.86% 74.19% 25.81% 73.47% 26.53% 84.11% 15.89% 80.00% 20.00%

17 Canggu Beach 67.59% 32.41% 66.67% 33.33% 62.18% 37.82% 85.48% 14.52% 37.04% 62.96%

18 Mount Agung 85.96% 14.04% 85.90% 14.10% 93.75% 6.25% 100.00% 0.00% 94.44% 5.56%
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From a destination point of view, each destination is distinctively characterized by its
strengths and weaknesses. These dimensions enhance the interest of a destination and indi-
cate the sectors that require scrutiny. Our analysis highlights some interesting observations:

(a) Seminyak Beach presents a notable discrepancy. While its natural attractions are
appreciated, its infrastructure presents a significant challenge, suggesting that its
surrounding amenities or beach facilities do not meet tourist expectations.

(b) Bali Zoo has remarkable social environment and atmosphere feedback, which suggest
a highly favorable visitor experience.

(c) Ulun Danu Bratan Temple receives high praise regarding its atmosphere and infras-
tructure. Its ambiance and well-maintained facilities might satisfy visitors.

(d) Canggu Beach displays a distinct mix of reviews. While some aspects are appreciated,
its natural beauty is not as highly praised as other destinations. Moreover, its infras-
tructure received considerable negative feedback, indicating potential challenges.

(e) Mount Agung stands out for its impeccable feedback on its natural beauty, achieving
a perfect score. Coupled with its highly praised infrastructure, it seems to be a tourist
favorite for its scenic appeal and amenities.

We find that “Natural Attraction” emerges as the predominant positive factor across
most destinations. Specifically, Uluwatu Temple, Sanur Beach, Nusa Dua, and Mount
Agung received significant appreciation for their natural beauty, respectively, 85.98%,
74.70%, 84.95%, and 100%. The appreciation of “natural attraction” in tourism spans vari-
ous destination types, from the spiritual essence of temples to the tranquility of beaches and
mountains. These various destinations are united in their inherent natural beauty, under-
scoring the growing value tourists place on authentic and unspoiled beauty, highlighting
the need to preserve the natural characteristics of each destination.

Conversely, “Infrastructure” and “Social Environment” are recurrently perceived as
these destinations’ less favorable aspects. Eight of the eighteen tourist destinations have
infrastructure as their most negatively perceived dimension. Notably, all these destinations
with infrastructure concerns are beaches or water-related venues, suggesting that there
might be potential shortcomings regarding their facilities, accessibility, or maintenance.
Regarding the social environment, the majority of destinations facing social environment
challenges are non-beach destinations, including temples, forests, and mountains. This
indicates that places of cultural, spiritual, or natural significance might experience issues
related to visitor interactions, crowd management, or local community engagement.

4.3. Relationships between Tourists’ Perceptions across Cognitive Images

Every tourist may prioritize specific aspects of their travel experience over others. We
discovered concurrent mentions of the same aspects in locations reviewed by the same
tourists to uncover potential linkages between these aspects or to discern the predom-
inant preferences of the larger tourist community in terms of how they perceive these
interrelations. Table 10 offers insights into how frequently certain dimensions of a tourist
destination are reviewed jointly by the same tourist. This reflects how travelers perceive
the interconnectedness of certain destination aspects.

Table 10. Concurrent tourist mentions of a destination’s cognitive image dimensions.

Cognitive Image
Dimension

Social
Environment

Value for
Money

Natural
Attractions Infrastructure

Atmosphere 3.23% 3.56% 2.19% 0.80%

Social Environment 4.19% 2.22% 0.83%

Value for Money 2.41% 0.97%

Natural Attractions 0.52%
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Correlation coefficients allow us to quantify the linear relationship between two var-
iables. Values close to 1 or −1 indicate a strong relationship, while values close to 0 indicate 
a weak relationship. The highest positive correlation, between atmosphere and social en-
vironment (0.848), indicates that when tourists express positive sentiments about the at-
mosphere of a place, they are also likely to have positive sentiments about its social envi-
ronment and vice versa. This could be attributed to the fact that the ambiance of a location 
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At a prominent 4.19%, the connection between “Social Environment” and “Value
for Money” emerges as the most significant intersection in tourist reviews. This strong
association suggests that when tourists evaluate the social dynamics of a place, they
concurrently assess the overall value they are receiving for their money. Perhaps tourists
evaluate a locale’s hospitality, friendliness, or overall ambiance alongside its affordability.
In essence, a welcoming environment might be seen as an integral part of the overall
value proposition for many travelers. A welcoming and inclusive environment can make
tourists feel that they are truly receiving their money’s worth beyond just tangible services
or amenities.

Following closely is the pairing between “Atmosphere” and “Value for Money”, at
3.56%. Tourists likely perceive the ambiance or atmosphere of a destination as integral to
their overall satisfaction and experience. A great memorable ambiance of a place ensures
tourists’ perception of excellent value for money. It is not just about how much they spend
but the quality of the experience they receive in return; tourists might be more willing to
pay for or revisit destinations.

The association between “Natural Attractions” and “Infrastructure” was only 0.52%.
The two elements are infrequently reviewed together. One possible explanation is that
tourists prioritizing natural beauty and attractions might be less concerned with infrastruc-
ture. They might be more focused on the natural attractiveness of the destination rather
than its developed or man-made amenities. Alternatively, destinations rich in natural
attractions might inherently lack advanced infrastructure, leading tourists to set different
expectations or evaluations.

To understand the connections between one dimension and another, we conducted a
correlation of the proportion of positive sentiments seen across dimensions to understand
the interrelated preferences of tourists, as shown in Table 11. The largest correlation was
observed between “Atmosphere” and “Social Environment”. Although “Value for Money”
is most frequently reviewed by the same tourists with both “Social Environment” and
“Atmosphere”, it was found that “Social Environment” has the strongest positive correlation
with “Atmosphere” in terms of their proportion of positive sentiments.

Table 11. Correlation matrix of positive sentiments across cognitive image dimensions in tourism.

Cognitive Image
Dimension

Value for
Money

Social
Environment Atmosphere Natural

Attractions Infrastructure

Value for Money 1

Social
Environment 0.687 1

Atmosphere 0.597 0.848 1

Natural
Attractions 0.669 0.795 0.765 1

Infrastructure 0.703 0.783 0.793 0.730 1
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Correlation coefficients allow us to quantify the linear relationship between two vari-
ables. Values close to 1 or −1 indicate a strong relationship, while values close to 0 indicate
a weak relationship. The highest positive correlation, between atmosphere and social
environment (0.848), indicates that when tourists express positive sentiments about the
atmosphere of a place, they are also likely to have positive sentiments about its social envi-
ronment and vice versa. This could be attributed to the fact that the ambiance of a location
often goes hand in hand with the people and interactions that occur there. A friendly,
welcoming community can significantly enhance the atmosphere of a place.

The lowest correlation is between atmosphere and value for money (0.597). While
0.597 still suggests a moderate positive correlation, it is the lowest compared to other
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pairs. Tourists may not always directly associate their positive experience of a destination’s
atmosphere with the value of the amount they have spent. This means that a destination
could have a fantastic ambiance, making tourists feel welcome and relaxed, but those same
tourists might still feel that what they spent did not offer equivalent value. Conversely,
tourists might feel they received excellent value for their money due to other factors
(like activities, accommodations, or food) even if they found the atmosphere lacking in
some places.

Modern tourists prioritize holistic experiences, seeking a balance between ambiance,
social dynamics, and economic value. While the allure of natural attractions persists, there is
a noticeable shift towards valuing authenticity and raw beauty overelaborate infrastructure.
Recognizing these correlations is important for tourism stakeholders in supporting more
strategic planning and cultivating experiences that deeply resonate with tourists, thereby
improving tourist satisfaction and fostering sustainable destination development.

4.4. Tourist Mobility and the Destination Centrality

In the previous section, we delved into a comprehensive examination of the sentiments
and cognitive perceptions associated with each tourist destination. Moving forward, we
employ a network analysis methodology to trace and analyze the patterns of tourist mobility
across various destinations. In this section, we map and elaborate on the destinations that
serve as central hubs for tourist mobility, delineate the polarity of the sentiments associated
with each destination, and highlight the cognitive aspects that require improvement.

Most of the tourist mobility is concentrated in the central region of Bali, extending to
the southern coast. In contrast, the island’s northern part remains relatively less frequented
by visitors. This pattern suggests that central and southern Bali may offer attractions,
amenities, or experiences particularly appealing to tourists, while the northern region
remains an untapped or less-explored gem.

Based on the Weighted Degree and betweenness centrality metrics in Table 12, the
“Sacred Monkey Forest Sanctuary” shows the highest Weighted Degree of 12,094, serves as
a primary hub within the network, and receives significant attention. Conversely, “Mount
Agung” has the lowest Weighted Degree, at 299, implying it might be a less frequented
or lesser-known node than other destinations. Regarding betweenness centrality, most
destinations, including the leading “Sacred Monkey Forest Sanctuary”, have a consistent
value of 0.0625. This uniformity indicates that these destinations play a similar role as
bridges or connectors, facilitating flow or mobility within the network. Interestingly,
“Kelingking Beach” and “Mount Agung” stand out with a betweenness centrality value of
0, suggesting that they might not be important regarding network connectivity.

Table 12. Weighted Degree centrality and betweenness centrality of destinations.

Destination Weighted Degree
Centrality

Betweenness
Centrality

Sacred Monkey Forest Sanctuary 12,094 0.0625
Uluwatu Temple 6865 0.0625

Sanur Beach 4370 0.0625
Tanah Lot Temple 5833 0.0625
Seminyak Beach 4055 0.0625

Nusa Dua 3104 0.0625
Bali Zoo 2494 0.0625

Mount Batur 2105 0.0625
Ulun Danu Bratan Temple 3260 0.0625

Tirta Gangga 2089 0.0625
Pandawa Beach 1515 0.0625

Jimbaran Bay 1574 0.0625
Double Six Beach 1728 0.0625

Devil Tears 1113 0.0625
Kelingking Beach 741 0

Lempuyang Temple 920 0.0625
Canggu Beach 665 0.0625
Mount Agung 299 0
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We investigated pairs of destinations frequently visited by the same tourists. The weight
values of these edge pairs reflect this shared visitation frequency. Table 13 shows the weight
of each destination pair. The Sacred Monkey Forest has high visitation frequencies and is
particularly paired with Uluwatu Temple (1947 visits) and Tanah Lot Temple (1567 visits).
The Sacred Monkey Forest, along with Tanah Lot Temple, acts as a focal point for tourist
routes, suggesting its embedded preference in tourist routes.

Table 13. Weight of destination pairs.
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Figure 8. Tourist visitation network: the wider lines indicate more frequent co-visitation. 

4.5. Mobility Clusters 
We subsequently explored the clustering potential between the destinations studied. 

We employed the modularity approach for this purpose. Modularity metrics measure the 
strength of partitioning nodes into clusters. For Bali’s tourist destinations, modularity as-
sesses how strongly each destination belongs to a particular group when considering their 
co-visitation frequencies, as shown in Figure 9. A high modularity value indicates that the 
tourist destinations within a cluster have higher co-visitation frequencies among them-
selves than with destinations outside their cluster. This modularity grouping categorizes 
destinations based on certain shared attributes or their geographic proximity: 
(1) Cluster 0 (Beaches and Forests): This cluster predominantly comprises beaches and 

forests, suggesting that these destinations might be frequently visited in tandem due 
to their natural beauty and serene environments. Tourists attracted to this cluster 
may seek relaxation, nature walks, sunbathing, or watersports. 

(2) Cluster 1 (Mainly Temples): Dominated by temples, this group hints at destinations 
that cater primarily to cultural or spiritual tourists. Visitors to this cluster may be 
interested in understanding the religious and historical aspects of the region, seeking 

Conversely, destinations such as Mount Agung, Canggu Beach, and Lempuyang
Temple exhibit low paired visitation rates, indicating their potential isolation or that they
are not as popular as part of combined travel routes. The destination pairs are mapped
using network analysis, considering their geographic location (Figure 8). The wider lines
are indicative of the more frequent pairs.
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4.5. Mobility Clusters

We subsequently explored the clustering potential between the destinations studied.
We employed the modularity approach for this purpose. Modularity metrics measure the
strength of partitioning nodes into clusters. For Bali’s tourist destinations, modularity
assesses how strongly each destination belongs to a particular group when considering
their co-visitation frequencies, as shown in Figure 9. A high modularity value indicates that
the tourist destinations within a cluster have higher co-visitation frequencies among them-
selves than with destinations outside their cluster. This modularity grouping categorizes
destinations based on certain shared attributes or their geographic proximity:

(1) Cluster 0 (Beaches and Forests): This cluster predominantly comprises beaches and
forests, suggesting that these destinations might be frequently visited in tandem due
to their natural beauty and serene environments. Tourists attracted to this cluster may
seek relaxation, nature walks, sunbathing, or watersports.

(2) Cluster 1 (Mainly Temples): Dominated by temples, this group hints at destinations
that cater primarily to cultural or spiritual tourists. Visitors to this cluster may
be interested in understanding the religious and historical aspects of the region,
seeking spiritual experiences, or simply appreciating the architectural beauty of these
ancient structures.

(3) Cluster 2 (Mountains and Beaches around Nusa Penida): This cluster features a
combination of mountainous regions and beaches near Nusa Penida, with a blend
of high-altitude treks and coastal relaxation. Visitors drawn to this cluster are likely
adventure-seekers looking to combine hiking experiences with the tranquil ambiance
of secluded beaches.

The identified modularity clusters indicate specific travel preferences among tourists.
Understanding these patterns has crucial implications for tourism stakeholders.

4.6. Map of the Cognitive Dimensions

We map each destination’s most favorable and least favorable cognitive image di-
mensions in Figures 10 and 11. The “favorable cognitive dimension” chart offers insights
into the primary factors contributing to a positive perception of these destinations. A sig-
nificant majority, 72.22%, attribute their positive impressions to the “Natural Attraction”
of these destinations. This proportion indicates that the region’s inherent beauty, natural
landscapes, and ecological wonders are pivotal in drawing visitors and leaving them with
a favorable impression. Following that, 16.67% of the favorable cognitive dimension is
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ascribed to the “Atmosphere”, which might encompass the destinations’ cultural vibe,
local hospitality, spiritual essence, and overall ambiance. Lastly, 11.11% is attributed to
“Infrastructure,” highlighting the importance of well-maintained amenities, accessibility,
and other logistical aspects in ensuring a positive visitor experience. The less favorable
cognitive dimension map suggests key areas for enhancement in Bali’s tourist experience.
Infrastructure, representing 44.44%, is the primary concern, indicating potential issues with
transportation and amenities. The social environment, accounting for 33.33% of the less fa-
vorable cognitive dimension, hints at possible challenges in cultural interactions and tourist
safety. Perceptions of not receiving value for money stand at 16.67%, while atmosphere
concerns, although minimal at 5.56%, could relate to ambiance and crowd management.
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Throughout our study, we have explored the complexities of tourist dynamics in
Bali, from the destinations they frequently select for visitation to the cognitive percep-
tions tourists have. This comprehensive insight underscores the importance of effective
management and a continuous enhancement of the tourist experience. With the right
strategies and attentiveness to feedback, Bali has the potential to gain a higher status, rather
than maintain its status, as a top tourist destination but also to elevate the quality of each
visitor’s experience.

5. Discussion

Tourism behavior is fundamentally a sequence of rational decision-making processes
heavily influenced by models derived from consumer behavior and decision-making
theories. This leads to various models of tourist decision-making behaviors. A destination
image is the subjective perception of a place in a tourist’s mind, which influences their
behavior across three stages: priori (before the visit), in loco (during the visit), and posteriori
(after the visit). Gartner [62] proposed a simplified view that a destination image comprises
cognitive, affective, and conative components. The cognitive dimension of destination
images has been identified as having the closest association with user-generated content
(UGC) and tourists’ behavioral tendencies. As this research employs UGC as its primary
data source, our analysis specifically concentrates on cognitive images.

Our research digs into the tourists’ perception of the cognitive image of a destination
using natural attraction, infrastructure, atmosphere, social environment, and value for
money to gain deeper insights into tourist behavior. Studying the cognitive image of
tourist destinations’ image using a computational approach has been an intriguing topic to
academics and researchers for decades. However, the approach taken in this study offers a
different perspective compared to previous works [7,31]. Most prior research has focused
on evaluating each cognitive image dimension individually. We explore deeper and wider
into how these dimensions are associated and correlated. Using this methodology, we
can discern how a positive perspective of one dimension might influence the perceptions
of another.

The “Atmosphere”, “Social Environment”, and “Value for Money” aspects play a
crucial role in shaping a tourist’s overall experience. While these qualitative experiences
are highly valued, they do not appear to directly correspond to the quantitative cost-
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effectiveness evaluation. Value for money predominantly relies on concrete elements such
as the expense associated with lodging, the price of local sites, the economic feasibility of
dining and transportation, or the caliber of services in proportion to their cost. A tourist
may appreciate a resort’s ambiance and staff but perceive its price as excessive relative to
its amenities. While “Atmosphere” and “Social Environment” are each frequently reviewed
together by the same tourists with “Value for Money”, only “Atmosphere” and “Social
Environment” show a high positive sentiment correlation. Still, their relationships with
“Value for Money” are different. Neither “Atmosphere” nor “Social Environment” show a
strong positive sentiment correlation with “Value for Money”.

While tourists often consider the atmosphere and social environment when reviewing
a destination, their satisfaction in these areas does not necessarily translate to their perceived
value of the money spent. The Sacred Monkey Forest Sanctuary, a prominent hub and
frequently visited location, exemplifies the complex interrelation of tourist opinions. While
praised for its ambiance, it simultaneously faces criticism regarding its cost. Essentially,
despite the Sacred Monkey Forest Sanctuary offering a rich atmospheric experience, visitors
do not perceive the monetary expenses related to their visit as valuable in terms of the
quality of their experience.

This research analyzes tourist movements as a crucial component of tourist behavior
to understand the dynamics of human mobility. This approach is important in providing
comprehensive insights into tourist behavior, which will be beneficial in formulating
marketing strategies and service enhancements. Previous research [110] highlights that
tourists engage in varying consumption patterns across destinations, which manifest as
unique movement patterns. Travel mobility patterns involve the sequential activities of
travelers across different locations and timeframes [111]. Extensive research on tourism has
been dedicated to identifying, structuring, and forecasting travel mobility [112].

Our investigation adopts a network analysis to map the topology of tourist mobility, a
well-established method used in prior research. Notably, compared to former studies [7,14,31],
an added strength of this study is that we delve into the potential formation of groups of
destinations preferred by the same tourists, as opposed to assuming a random probability
to their visits. This focus seeks to understand the patterns of tourist mobility preferences
and behavior.

Our research suggests that tourists exhibit distinct preferences when selecting destina-
tions. Certain destinations are more frequently co-visited than others, revealing underlying
patterns in tourists’ visiting behavior. We discovered that there are three predominant
clusters of visits often selected by tourists, including the cluster of beaches and forests,
which attracts those who are drawn to natural beauty and peaceful settings; the cluster
of temples resonates with individuals interested in exploring the cultural, historical, and
spiritual aspects of the region; and the cluster combining the mountains in North Bali with
beaches around Nusa Penida and gains traction due to their proximity, allowing tourists
to experience diverse destinations within close range. This categorization underlines the
diverse interests of tourists and the significance of both natural beauty and cultural depth
in shaping their travel choices.

This research offers both theoretical insights and practical implications for the tourism
sector. Theoretically, this research enriches the literature by demonstrating a cognitive
image perception evaluation of tourist behavior, mainly through the lens of user-generated
content (UGC). This highlights the importance of understanding the diversity of tourist’s
cognitive perceptions, suggesting that destinations need to strategically manage their cog-
nitive appeal to enhance their attractiveness in line with tourist preferences. Managerially,
understanding distinct tourist perceptions of cognitive images aids in crafting targeted
marketing and improving destinations’ service quality. Specifically, insights into how
“Atmosphere,” “Social Environment,” and “Value for Money” influence satisfaction enables
destinations to adjust their pricing and improve their experiences to meet tourist expecta-
tions. Effectively managing these elements can attract desired tourist groups and enhance
destination competitiveness. For business owners, government agencies, and tourism
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stakeholders, these insights offer a roadmap for developing strategies that align closely
with what tourists value most. Business owners, particularly those in the hospitality and
service sectors, can use these data to refine their offerings, ensuring they provide experi-
ences that resonate with tourists’ expectations of atmosphere and social engagement, while
also considering the critical aspect of perceived value for money. Government and tourism
agencies can leverage these findings to promote sustainable tourism practices, prioritize
preserving natural and cultural assets, and implement policies that enhance the visitor
experience without compromising affordability. For tourists, this research underscores the
importance of voicing their preferences and experiences through user-generated content.
By actively participating in online platforms and review sites, tourists contribute to a larger
ecosystem of travel decision making, influencing not only their peers but also the strategic
directions of destinations and businesses. This mutual feedback loop between tourists
and service providers enriches the travel experience, promoting a tourism industry that is
dynamic, responsive, and ever evolving to meet the needs of its diverse customers.

While many studies aim for universal insights, recognizing the variations based on
tourists’ geographical and cultural backgrounds is vital. This study is limited to general
perceptions and mobility, without considering any background information on the tourists.
Turner’s study [113] revealed the intriguing differences tourists’ cultural backgrounds
had on their satisfaction levels related to their tourism experiences. These differences
might arise from their varying expectations, values, and interpretations of the service
quality and experiences had during travel. While tourists from one culture might highly
appreciate a particular aspect of a destination, it may not hold the same significance
for tourists from another. The positive sentiments associated with the cognitive image
dimensions of a tourist destination could also differ depending on the tourist’s cultural
or geographic background. Eventually, tourists from different geographic or cultural
backgrounds might exhibit distinct travel behaviors, patterns, and preferences [14]. These
might cover their choice of destinations, travel routes, duration of stay, activities pursued,
and even interactions with locals. Future studies may investigate how tourists’ perceptions
of destination images differ based on their geographic origins, including their country of
origin, regional affiliations, and other relevant cultural identifiers. This initial study is
confined to reviewing data from a single platform, limiting its scope to publicly accessible
information. Future research could enhance the robustness of these findings by employing
a more exhaustive dataset and drawing from a broader spectrum of data sources.

6. Conclusions

Tourists’ reviews are becoming indispensable in shaping tourist behavior as technol-
ogy’s role in modern tourism grows. Our research offers a novel insight that differentiates
our work from previous research. Our investigation dives deep into the complexities
of tourism, examining the correlations between various cognitive image perceptions of
destinations. We have uncovered distinct patterns in tourists’ destination preferences,
highlighting the dual appeal of natural beauty and cultural richness. Our findings reveal
that tourists highly appreciate qualitative aspects like ambiance, though these aspects show
a small correlation to their positive perceptions of monetary worth. We also underscore the
specific patterns in tourist mobility that can be segregated into unique clusters that high-
light the varied interests of tourists and emphasize the pivotal influence of both cultural
sites and natural wonders on tourist behavior.
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