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ABSTRACT

This study quantify mainland China's destination image through international tourists' user-
generated content (UGC), with a specific focus on Guilin, utilizing advanced computational
techniques such as Latent Dirichlet Allocation (LDA) for topic modeling and sentiment analysis. It
systematically evaluates online travel reviews to distill key themes and emotional sentiments that
shape Guilin's image, uncovering a rich tapestry of cognitive perceptions and affective reactions
related to its natural scenery, cultural engagements, service standards, and logistical facets. The
application of topic modeling and sentiment analysis provides a nuanced understanding of the
cognitive and affective dimensions defining Guilin's destination image. While positive sentiments
largely highlight the region's aesthetic and experiential allure, negative sentiments reveal critical
areas for improvement, such as perceived value and infrastructure, which are vital for enhancing
tourist satisfaction and reinforcing Guilin's appeal in the global tourism market. This research applies
LDA and sentiment analysis to interpret UGC offer a calculable methodological approach for broader
application in destination image studies. By aligning perceptual and emotional insights with
destination marketing strategies, the findings offer actionable intelligence to optimize tourist
experiences and enhance destination loyalty. This approach not only enriches the academic
understanding of destination images but also provides practical frameworks for destination
managers to harness the full potential of UGC in shaping and refining the global image of tourism
locales.
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1. INTRODUCTION

Post-COVID-19, Mainland China has rapidly ascended as a key player in the global tourism sector,
showcasing emerging trends that cater to both domestic and international markets. The resurgence in
domestic tourism, coupled with a burgeoning interest in diverse leisure activities, underscores a
market ripe with opportunities (China Briefing, 2023). This period has also witnessed a marked rise
in digital engagement and a quest for unique experiences among tourists. The government's
commitment to fostering cultural and wellness tourism further exemplifies the dynamic nature of the
industry. Concurrently, the concept of "destination image," crucial since its introduction in the 1970s,
continues to significantly influence tourist perceptions and choices, underscoring the ongoing
challenge for tourism providers to adeptly manage and enhance these perceptions to bolster visitation
and loyalty.

The proliferation of online social media and we-media, facilitated by mobile technology, has birthed
a vast repository of user-generated content (UGC), including travel logs, star ratings, and tourist
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reviews of various destinations. This digital evolution offers unprecedented insights into tourists'
experiences and perceptions, transforming tourism research by enabling analyses beyond traditional
surveys. Despite its significance, there remains a notable gap in applying advanced computational
methods to study mainland China's destination image through international tourists' UGC, even as
studies like Hosany (2013) have begun exploring the connections between tourist emotions,
satisfaction, and destination evaluations. However, in conducting studies on tourism, researchers
often rely on questionnaires and interviews to collect data. While effective for examining specific
dynamics and causal relationships, these traditional methods encounter limitations such as sampling
bias and temporal restrictions associated with survey administration, challenging the generality and
timeliness of findings.

This research aims to fill this gap by leveraging state-of-the-art machine learning techniques, namely
Latent Dirichlet Allocation (LDA) for topic modeling and sentiment analysis, to explore the cognitive
and affective dimensions of the destination image of Guilin, a renowned tourist destination in China.
By analyzing a large datasets of online travel reviews, this study seeks to uncover the unique attributes
that contribute to Guilin's image as perceived by international tourists. Specifically, the research
focuses on identifying the key themes that emerge from tourists' narratives and the emotional valence
associated with their experiences.

The methodology adopted in this study combines quantitative content analysis with advanced natural
language processing (NLP) techniques to systematically analyze the content and sentiment of the
collected UGC. This approach allows for a nuanced exploration of the multifaceted nature of
destination image, encompassing both the cognitive aspects (i.e., knowledge and beliefs about the
destination's features) and the affective aspects (i.e., feelings towards the destination). By integrating
topic modeling with sentiment analysis, the research aims to provide a comprehensive understanding
of the factors that influence Guilin's image among international tourists, thereby offering valuable
insights for destination marketers and policymakers.

2. LITERATURE REVIEW

2.1. Tourism Destination Image

The concept of "tourism destination image" was first introduced by Hunt in his doctoral dissertation
at Colorado State University, defining it as the perceptions of non-residential places (Hunt, 1971).
This idea attracted global academic interest, with Crompton (1979) describing the destination image
as a combination of beliefs, ideas, and impressions a person holds about a specific destination. This
includes beliefs, perceptions, and feelings that influence an individual's attraction evaluation and
choice of destination. Similarly, definitions align in viewing destination image as tourist-based, such
as subjective impressions of a place, contrasting with marketer-based images like promotional
portrayals (Mackay, 2000; Li & Vogelsong, 2006). These mental images, although potentially
accurate or false, real or imagined, play a pivotal role in guiding and shaping behaviors. As tourists
face an increasing array of destination choices, destination image serves as a cognitive shortcut in
decision-making processes (Kotler & Gertner, 2002). Further, scholars suggest that destination image
is also a key indicator of post-visit evaluations, emotional connections with places, and even
intentions for revisits and place loyalty (Pan et al., 2017). This expanded view highlights the
multifaceted impact of destination image on the tourism experience, emphasizing its significance in
tourism research and destination marketing strategies. Destination image is understood through two
lenses: the perceptual-cognitive dimension, which encompasses the knowledge and beliefs about a
destination's features, and the affective dimension, reflecting one's feelings towards the destination
(Berlin & Martin, 2004). This dual perspective is crucial for tourism development and the
effectiveness of destination marketing, as it significantly influences both the supply and demand sides
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of marketing (Chew & Jahari, 2014), highlighting its pivotal role in shaping tourism experiences and
decisions.

2.2. User Generated Contents and Recent Studies on Destination Image

Tourist online reviews are increasingly valued by researchers for their brevity, immediacy, and
volume. Advances in technology and internet proliferation have made a wealth of information
accessible online. In this landscape, online review data, blogs, and other text-based data form a unique
big data category in tourism research — online text data (Binge et al., 2020). Initially, surveys were
employed in destination image research, offering precise measurement of specific causal relationships
through well-designed studies. However, surveys face challenges in representing selected samples
due to their specific time and location constraints. In contrast, user-generated content (UGC) in
tourism, such as online reviews or travel blogs, circumvents sampling issues, providing researchers
opportunities to gather data on specific topics. Although this data may not represent all tourists,
younger, educated individuals with internet access are more likely to post online reviews, offering
valuable insights into tourist preferences and behaviors. This shift towards leveraging online text data
signifies a broader methodological evolution in tourism research, accommodating the dynamic and
diverse nature of tourist experiences and feedback (Bethlehem, 2010).

Over the past few decades, an organic combination of text analysis and destination image technology
exists and the application of the combination of the technologies of Sentiment Analysis and topic
modeling is also very extensive. Scholars have carried out a lot of research on the measurement of
scenic spots based on tourists' online texts and, in the era of big data, the emergence of user generated
contents such as tourists' online text information brings increased possibilities to this field. Proposing
a machine learning method that incorporates PHFA through the combination of the ideas of
management and multi-attribute decision theory, Mirza Alian (2021) utilizes social media analytics
to examine destination loyalty in nature-based tourism. Through sentiment analysis and text
clustering of TripAdvisor reviews, he identified four key loyalty factors: glaciers, waterfalls,
lakes/islands, and hiking/trails. These insights offer valuable guidance for enhancing visitor
experiences and loyalty, emphasizing the importance of tailored marketing strategies for tourism
providers and organizations (Mirza Alian & Halpenny, 2021). Marine-Roig and Huertas (2020)
investigates how the 2017 terrorist attack and Catalan sovereignty process affected Barcelona's online
destination image through Airbnb reviews. Analysis using natural language processing on over
150,000 reviews revealed that tourists' perceptions remained largely positive, not significantly
deterred by these events. This indicates the resilience of Barcelona's tourism image and the potential
for social media to provide nuanced insights into destination loyalty (Marine-Roig & Huertas, 2020).
Chu and her colleagues leverage the BERT model for sentiment analysis of travel-related user-
generated content on platforms like TripAdvisor, focusing on emotional polarity in comments.
Findings reveal tourists predominantly express negative sentiments about food, prices, crowding, and
hygiene, influencing negative word-of-mouth. Positive sentiments were less frequent, suggesting
specific issues for destination management organizations to address for improved tourist satisfaction
and competitive advantage (Chu et al., 2022). Luo presents an augmented mining model combining
Latent Dirichlet Allocation (LDA) and Probabilistic Hesitant Fuzzy Algorithm (PHFA) to analyze
online reviews for Biophagous destination image. Analyzing 24,222 reviews revealed ten main
attributes, with three negatively perceived (crowdedness, tourism cost and accommodation). It offers
strategic insights for enhancing tourist experiences and destination management (Luo et al., 2023).

Up to date, however, few articles have used two technologies to explore the destination image of
mainland China from international tourists. In addition to that, most of the current studies focus on
destination images as a whole or only on cognitive images (Kakawin et al., 2020), the research
focusing on the affective image is absent. The LDA model was used to identify and analyze the
destination’s cognitive image and affective image based on cognitive-affective theory, exploring
tourists’ unique image perception attributes. This study combines the LDA model with the sentiment
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analysis method based on lexicon approach, and the satisfaction distribution is further explained by
analyzing the emotional polarity through the domain lexicon, mining the focus of positive and
negative evaluation, identifying the satisfaction changing trend.

3. METHODOLOGY

3.1. Research Questions

In order to address the above mentioned research gaps in the literature, this study aims to answer the
following three research questions:

(1) How do international tourists perceive Guilin's destination image through user-generated content,
and what are the cognitive and affective dimensions that define this image?

(2) What are the key themes and sentiments expressed in online reviews about Guilin, and how do
they contribute to its overall destination image?

(3) How does the analysis of user-generated content enhance our understanding of destination loyalty
and satisfaction trends among international tourists visiting Guilin?

3.2. Content Analysis

Content analysis is a method that quantitatively analyzes the content of non-quantitative literature to
find out the core content contained in the literature and the goal of any quantitative content analysis
is to produce key category counts and measurements of the quantities of other variables (Neuendorf,
2017). This research integrated sentiment analysis with topic modeling technologies to analyze the
content of the collected online travel text data and obtained valuable and meaningful data, then
explores the behavioral characteristics and hidden affective attitude of international tourists, and
finally explains the research phenomenon.

3.3. Topic Modeling

In natural language processing, topic models are a suite of text-understanding algorithms that unearth
the latent patterns from large bodies of unstructured text (Anoop & Sreelakshmi, 2023) . LDA is an
unsupervised clustering algorithm that can classify large databases of unstructured text and extract
potential topic information (Jing et al., 2023). Additionally, it reduces the semantic dimensions of
raw text and is particularly useful for summarizing topics from various datasets (Luo & He, 2021).
LDA analysis produces two types of probability distributions: text-topic and topic-word. The topic-
word distribution is defined by key words and their probabilities within a topic, where a higher
probability indicates a stronger association and contribution to the topic (Ghosh & guha, 2013). Since
its inception (Blei, 2003), LDA has become a commonly used topic model which can be used to
interpret public sentiment variations and further explore the reasons (Tan et al., 2014). With
unsupervised machine learning algorithm to analyze the patterns from the unstructured comments,
LDA is commonly used in scenarios dealing with limited observations and automatically cluster
similarities where qualitative analysis may fail when dealing with large unstructured text data.

3.4. Sentiment Analysis

Sentiment analysis, informed by frame-semantic theory, extracts affective knowledge from text,
utilizing natural language processing (NLP), textual analysis, and computational methods to collect
and analyze sentiment data (Alma’s et al., 2017; Hussein, 2018). This approach classifies sentiments
in textual documents automatically. Two primary methods employed are lexicon filtering and
machine learning, each offers distinct advantages for understanding the nuances of sentiment in large
datasets. This analytical process provides invaluable insights into public opinion and consumer
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attitudes, supporting a wide range of applications from market research to social media monitoring.
The lexicon-based method assigns emotional scores to texts using sentiment dictionaries, aiming to
identify overall sentiment through weighted calculations (Pan et al., 2019). Most sentiment
dictionaries are manually constructed and analyze text at various syntactic levels (Wankhade et al.,
2022). Conversely, machine learning methods train sentiment classifiers with labeled data to predict
new sentence sentiments, employing algorithms like maximum entropy, naive Bayes, and SVM
(Neethu & Rajasree, 2013). Machine learning is considered more reliable but requires extensive data
and training (Gonalves et al., 2013). However, scholars argue that the machine-learning method is
more reliable than the lexicon-filtering approach but the machine-learning approach requires a large
body of data and long-term training so that the machine has sufficient examples from which to learn.
Therefore, the lexicon method is preferred for large-scale text analysis, especially in analyzing UGC
tourism reviews(Liu et al., 2019).

3.5. Data Collection and Preprocessing

The data collection and related preparation work for the study are as follows. The first step is data
collection. This study embarked on a comprehensive data collection initiative, focusing on the rich
reservoir of online reviews to assess Guilin's tourist attractions. Recognizing TripAdvisor's pivotal
role since 2002 in highlighting premier tourism establishments based on global traveler feedback and
its broad platform for tourists sharing their opinions (Moro et al., 2019), we harnessed this platform's
extensive data. By aggregating over 6,408 reviews from more than 30 renowned Guilin attractions,
the study captures a wide array of visitor experiences and opinions, laying a robust groundwork for
evaluating destination appeal and visitor satisfaction through unstructured comment analysis. With
the help of "Bahay" (octopus) web crawler tool, we collected 6,408 online travel reviews by February
2024, mainly posted between 2012 and 2023. Each review provided the reviewer's name, nationality,
number of past reviews, and date of stay, enhancing the dataset's richness and enabling a
comprehensive analysis of tourist perceptions and satisfaction. This meticulous data collection
process lays a solid foundation for a nuanced exploration of tourist evaluations and destination image,
promising valuable insights for both academic research and practical destination management. The
second step is data preprocessing and cleaning. The basic process of data preprocessing and cleaning
is according to the following steps:

(1) Emoticons, non-English words, punctuation marks, special characters, URL links, and repeated
UGC in the text are removed

(2) Remove meaningless stop words with stop-word list from NLTK.

(3) Information from tour guides, other organizations and comments about tour guides service and
unrelated attractions was excluded because we wanted to focus on real opinions from tourists that are
disseminated online

Finally, from the 6408 reviews, 1758 were discarded and the final dataset comprised 4650 reviews
containing a total of 334,170 tokens.

4. FINDINGS AND DISCUSSION
4.1. Detected Topics on UGC

The LDA was applied to extract and label the topics of tourist experience across all collected online
reviews from top touristic locations. The key to applying the LDA topic model is to determine the
optimal number of topics and the effect of topic extraction in the LDA topic model is directly related
to the number of potential topics, and the two most common evaluation methods to determine the
number of topics are based on coherence (Stevens et al., 2012) or perplexity. In this study we choose
coherence score as a standard to determine the number of topics, which refers to the quantitative
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calculation of whether the semantic association of words under a topic generated by an LDA is closer.
The LDA identified 8 topics based on the coherence model for this dataset because it had the highest
coherence score. Figure 1 shows the coherence score for the number of topics returned by the LDA
model. However, as the LDA model operates as an unsupervised learning method, researchers are
required to manually assign labels to each topic using the top ten highest-probability words for each
topic (Aman et al., 2021). and the labeling of each topic was manually conducted by one researcher
and then confirmed by the second researcher. We apply pelvis (https://pypi.org/project/pyLDAvis/;
accessed on 7 Mar 2024) to create an interactive figure with the 30 terms when A = 0.6 as
recommended in (Sievert & Shirley, 2014), in which the top 30 most relevant terms were displayed
according to frequency once a topic was selected. Figure 2 shows one of the eight topics, Topics 3,
4, 7, and 8 distinct from each other, while there is an overlap between the three remaining topics
(Topics 1land 2 as well as topic 5 and 6). Figure 3 and 4 displays the fifteen most relevant terms for
each topic and figure 5 shows the top 30 words according to their relative weight with Word Cloud.

Coherence Score for the Number of Topics
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Figure 1. Coherence Scores for Determining Optimal Number of Topics

Selected Topic: \ Previous Topic || Next Topic || Clear Topic | Slide to adjust relevance metric:? # ;
A=06 0.0 0.2 04 06 08 10
Intertopic Distance Map (via multidimensional scaling) Top-30 Most Relevant Terms for Topic 1 (25.4% of tokens)
o 0 200 400 600 800 1000 1200 1400 1,600 1,800
3 Guilin [

scenery [
1 beautiful [N
local I
PCl guide N
Yangshuo [N
enjoyed |
China [N
2 weather [
mountins [
6 Arthur [N
village [
lunch [
city I
rice [N
experience [N
visit

views I
bamboo [l

4 .
Marginal topic distribution visite [N

Overall term frequency
2% I Estimated term frequency within the selected topic

5% 1. saliency(term w) = frequency(w) * [sum_t p(t | w) * log(p(t | w)/p())] for topics t; see Chuang et. al (2012)
2. relevance(term w | topic t) = A * p(w | ) + (1 - ) * p(w | t)/p(w); see Sievert & Shirley (2014)
10%

Figure 2. Visual Representation of Topic Distribution with pyLDAvis

78



I K e K R T

ride 0.02312 0.02100 park 0.05008 Guilin 0.02614
mountain 0.02251 zoo 0.01262 hill 0.02258 day 0.01787
car 0.01936 Lu 0.00790 view 0.01844 river 0.01648
top 0.01873 Chinese 0.00671 top 0.01661 tour 0.01614
cable 0.01787 Oscar 0.00576 elephant 0.01492 Li 0.01434
Guilin 0.01689 shop 0.00524 climb 0.01481 cruise 0.01353
view 0.01269 lot 0.00484 nice 0.01458 time 0.01160
views 0.01060 animals 0.00429 walk 0.01384 boat 0.01145
bus 0.01001 pandas 0.00413 Hill 0.01360 trip 0.01056
yuan 0.00782 Tea 0.00409 city 0.01265 guide 0.01021
taxi 0.00737 Japanese 0.00404 views 0.01155 beautiful 0.01018
RMB 0.00711 fun 0.00396 Guilin 0.01101 River 0.00982
walk 0.00706 staff 0.00394 worth 0.01071 China 0.00848
worth 0.00677 Yu 0.00379 entrance 0.00980 hotel 0.00817
Xian 0.00578 Shan 0.00372 Elephant 0.00931 local 0.00761

Figure 3. Top 15 Terms based on their weights for Topics 1-4

tour 0.03139 night 0.03590 cave 0.05442 paintings 0.00608

guide 0.02849 lake 0.02724 caves 0.02266 artist 0.00456
China 0.02688 walk 0.02385 visit 0.01595 package 0.00432
Guilin 0.02189 pagodas 0.02115 lights 0.01440 Dont 0.00387
recommend 0.01164 nice 0.01406 lighting 0.01387 bought 0.00364
trip 0.01098 street 0.01381 formations 0.01216 black 0.00344

Travel 0.01024 lakes 0.01123 worth 0.01009 Journey 0.00330
Guide 0.01002 lit 0.01099 natural 0.00961 tropical 0.00315
experience 0.01000 shops 0.01090 tour 0.00937 mistake 0.00302
time 0.00933 evening 0.01084 beautiful 0.00933 paint 0.00298

days 0.00800 park 0.01080 inside 0.00831 shop 0.00291
knowledgeable 0.00759 town 0.01025 Chinese 0.00822 painting 0.00285
Yangshuo 0.00748 beautiful 0.01002 nice 0.00715 pushy 0.00282
Shanghai 0.00720 restaurants 0.00976 guide 0.00709 enormous 0.00271
guides 0.00705 food 0.00932 Guilin 0.00650 rushed 0.00266

Figure 4. Top 15 Terms based on their weights for Topics 5-8
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Figure 5. Word Cloud of Top 30 Terms for Each Topics
4.2. Sentiment Polarity Statistic Based on Domain Lexicon

In this study, we use the NRC lexicon to conduct the sentiment analysis to get the exclusive sentiment
lexicon for Guilin tourists reviews, as it has been implemented successfully in similar tourism review
research (Feizollah et al., 2021). In addition to classifying data into positive and negative sentiments,
the NRC lexicon, which was assembled manually via crowdsourcing, is capable of classifying
emotions into eight basic categories: trust, surprise, fear, sadness, anger, joy, anticipation, and disgust.
It has been proved that human sentiments could be categorized into specific primary emotions (Wu
et al., 2014); therefore, we classified the data on TripAdvisor online reviews into the eight emotion
classes from the NRC lexicon.

The NRC lexicon enabled us to classify the tone or emotion of the text into eight categories to gain
more insight into the emotion of the users, as opposed to just positive or negative sentiment. The
online reviews were classified into fear, disgust, anger, and sadness—the negative emotions—and
trust, joy, surprise, and anticipation—the positive emotions. Figure 6 shows the percentage of the
corpus that is classified as each emotion. Trust, anticipation and joy were the top three emotions found
in the reviews, which are considered positive emotions towards Guilin attractions. Figure 7 and figure
8 shows the top 20 most repeated positive and negative words in UGC. The words “Guilin” and
“China” were removed due to their excessive repetition.
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Emotions expressed in Guilin attraction reviews (NRC lexicon)
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Figure 6. Emotional Distribution of Guilin Tourist Reviews

Words Contribution to Positive Sentiment
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Figure 7. Top 20 Most Repeated Positive Words in User-Generated Content
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Words Contribution to Negative Sentiment
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Figure 8. Top 20 Most Repeated Negative Words in User-Generated Content
4.3. Results and Discussion

The Latent Dirichlet Allocation (LDA) analysis of online reviews from international tourists visiting
Guilin reveals a multifaceted destination image characterized by a diverse array of attractions and
experiences. According to the results of figure 3-5, we manually labeled these eight themes which
include picturesque natural scenery and mountains, a blend of zoological and traditional tea
experiences, urban parks, river and cruise activities, organized travel with guided tours, vibrant
cultural nightlife, explorations of famous caves like the Reed Flute Cave, and engaging artistic and
shopping experiences. Each theme underscores aspects of Guilin that contribute to its attractiveness
to international tourists, showcasing a wide range of experiences from natural beauty to cultural
richness. Tourists are captivated by Guilin's picturesque mountainous terrains and natural beauty,
frequently accessed via convenient transportation options like cable cars and buses, which are
positively noted for enhancing the scenic exploration of the region. Simultaneously, the unique blend
of wildlife encounters and the deep-rooted tea culture draws appreciation, reflecting a harmonious
integration of natural and cultural tourism. Urban attractions, particularly parks and sites like Elephant
Hill Park, blend urban convenience with natural splendor, although challenges such as steep treks and
admission fees occasionally temper the enthusiasm. Water-based activities, including tranquil river
cruises, receive high praise for their relaxing and visually appealing experiences, underscoring
Guilin’s charm as a water-centric retreat. The structured support of guided tours enriches tourist
experiences, with skilled guides providing valuable insights into the local heritage. Guilin’s vibrant
nightlife and cultural activities resonate well, with evening strolls around luminous lakes and bustling
streets highlighting the city’s dynamic cultural scene. Cave explorations like those in Reed Flute Cave
fascinate with stunning geological formations, though confined spaces and artificial lighting might
not appeal to everyone. Lastly, while the art and shopping experiences offer interaction with local
craftsmanship, they are occasionally marred by aggressive sales tactics, slightly marring an otherwise
enriching cultural exchange. Overall, these themes collectively paint Guilin as a destination that
boasts a rich tapestry of natural landscapes, cultural vitality, and engaging activities, with minor areas
for improvement in visitor experience and commercial practices.
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Apart from that, we conducted a keyword concurrence analysis through VOS viewer software based
on each term’s association strength in figure 9. VOS-viewer software was developed by the Science
and Technology Research Center of Leiden University in the Netherlands (Van & Waltman, 2017).
It can provide three visualization methods: network view, superposition view and density view, with
the characteristics of beautiful image and easy to interpret. The keyword co-occurrence analysis of
reviews from international tourists visiting Guilin reveals four thematic clusters, each distinguished
by distinct experiences and attractions. The first green cluster, dedicated to caves, captures the
enchantment of Guilin's subterranean landscapes, with visitors particularly drawn to the spectacular
formations and interplay of colors and light. However, mentions of entrance fees and brief tours
suggest some concerns over value and tour duration. The blue cluster focuses on the serene settings
of parks and lakes, where terms like "Elephant Hill," "pagoda,” and "scenic area" underscore the
seamless integration of natural splendor with human-crafted landscapes, cherished for tranquil strolls
and picturesque views, especially noted during night-time reflections. IN the red cluster, discussions
revolve around rich cultural and educational experiences, where engagement with local customs,
language lessons, and photography are prominent, often enhanced by interactions with notable guides
such as "Mia" and "Becky." This cluster highlights the depth of cultural immersion available to
tourists. The last yellow cluster illustrates the critical role of guided tours, with praise for the guides'
professionalism and knowledge, pointing to a well-appreciated aspect of the tourism experience that
deepens visitors' understanding and enjoyment of Guilin.

Collectively, these clusters not only portray Guilin as a multifaceted destination rich in both natural
beauty and cultural depth but also pinpoint areas for enhancement. Particularly, the management of
expectations regarding tour logistics and cost could be improved. Addressing these concerns could
help in refining Guilin's image as a world-class tourist destination, ensuring that it not only meets but
exceeds the expectations of its international visitors, thus fostering a more satisfying and holistic
travel experience.

Lastly, according to the sentiment analysis of Guilin attraction reviews using the NRC lexicon, it
provides a comprehensive look into the emotional responses of international tourists, revealing an
overwhelmingly positive emotional landscape dominated by sentiments of 'trust,' ‘anticipation,’ and
'joy." This indicates that tourists generally leave with high levels of satisfaction, enjoying both the
scenic beauty and the enriching experiences Guilin has to offer. The prominence of joy is significantly
marked by frequent references to the region's picturesque landscapes and the exceptional quality of
tours, where terms such as "beautiful,” "visit,” and "guide" often surface, pointing towards the
outstanding natural beauty of Guilin and the effectiveness of tour guides in enhancing visitor
experiences. Moreover, the use of words like "wonderful,” "lovely,” and "recommend" in the reviews
not only contributes to a strong positive sentiment but also suggests that visitors are likely to endorse
Guilin as a destination to others, underlining the area's appeal and the likelihood of repeat visits. This
level of endorsement is crucial for sustaining and growing the tourist influx, which is vital for the
local economy.
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Figure 9. Keyword Co-Occurrence Analysis Visualization

However, the analysis also uncovers a spectrum of negative emotions such as 'sadness,’ ‘anger," and
‘fear,' which, although less frequent, highlight areas of concern. These negative sentiments often relate
to specific disappointments or unmet expectations, which, if addressed, could significantly enhance
the tourist experience. Specific words like "overpriced,” "disappointed,” and "fee" suggest that some
tourists perceive certain attractions or services as not providing sufficient value for money.
Additionally, logistical issues reflected in words like "wait" and "toilet" indicate dissatisfaction with
some practical aspects of the tourism infrastructure in Guilin.

Addressing these negative sentiments by focusing on areas such as pricing transparency, enhancing
facility quality, and improving overall visitor management could mitigate the concerns expressed by
tourists. By refining these elements, Guilin could further solidify its reputation as a premier tourist
destination, ensuring that the experiences provided not only meet but exceed the expectations of
international visitors, fostering a more satisfying and holistic travel experience. This strategic focus
on continuous improvement will help maintain Gauguin's attractiveness as a top-notched destination
worldwide, encouraging longer stays and more enthusiastic recommendations.

5. CONCLUSION

Through a detailed examination of thematic models, keyword co-occurrences, and sentiment analyses
derived from tourist reviews, this study provides a nuanced understanding of how international
tourists perceive Guilin's destination image. The research reveals both the cognitive and affective
dimensions that define this image, demonstrating how key themes and sentiments expressed in online
reviews contribute to shaping Guilin's overall destination image.

On the one hand, the perception of Guilin through user-generated content reveals a complex blend of
cognitive and affective dimensions that shape its image. Tourists appreciate Guilin's natural and
cultural attributes, evidenced by their emotional responses dominated by trust, joy, and anticipation.
These emotions reflect a deep appreciation for both the aesthetic beauty and the enriching experiences
Guilin provides, pointing to a strong affective connection with the destination. The key themes
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emerging from the reviews—ranging from natural scenery and cultural encounters to service quality
and logistical aspects—highlight the factors that contribute to Guilin's image. Positive sentiments
predominantly underline the beauty and unique experiences Guilin offers, while negative sentiments,
though fewer, point to areas needing improvement such as value for money and infrastructure. These
themes are crucial as they directly influence tourists' overall perception and the narrative they share
with potential visitors and the global tourism market.

However, despite its contributions, this study is not without limitations and deficits. First, the
reliance on user-generated content, while insightful, may not fully represent the broader tourist
population due to selection bias, as it primarily reflects the views of those motivated to post reviews
online. In addition to, the analysis is based on textual data from reviews, which can be challenging to
interpret accurately across different languages and cultural contexts, potentially leading to
inaccuracies in sentiment analysis. Lastly, the focus on publicly available online reviews excludes
data from private feedback channels or lesser-known review platforms, which could provide
additional insights into tourist experiences. These limitations highlight the need for future research to
incorporate more diverse data sources and develop advanced methods to address linguistic and
cultural variations in user-generated content.

In conclusion, this multifaceted analysis of user-generated content not only answers how international
tourists perceive and experience Guilin but also elucidates the broader implications of these
perceptions for destination management and marketing strategies. By leveraging these insights,
stakeholders can enhance Guilin's appeal and competitiveness in the international tourism market,
ensuring it remains a favored choice among global travelers.
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