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Highlights
What are the main findings?

e DPositive sentiment strongly predicts tourism intention among Chinese tourists engaging with
Lamphun's intangible cultural heritage on Chinese social media platforms.

e Festival-centered content generates the highest sentiment and tourism intention scores across four
distinct thematic clusters, while contemporary cafe culture emerged as an unexpected engagement
driver for Chinese tourists.

What are the implications of the main findings?

e UGC analytics combining sentiment analysis, machine learning, and thematic clustering provides a
scalable framework for underrepresented cultural destinations.

¢ Digital campaigns could integrate cultural narratives with contemporary activities
to maximize Chinese tourist engagement and travel intention.

Abstract

Social media platforms and user-generated content (UGC) have become central to how travelers
discover and evaluate cultural destinations. Yet lesser-known second-tier heritage sites remain
substantially underrepresented in digital tourism research. This study investigates how Chinese
tourists perceive and engage with the intangible cultural heritage (ICH) of Lamphun, Thailand,
through UGC collected from three major Chinese social media platforms (WeChat, Douyin, and
Rednote) spanning the period from 2019 to 2023. A total of 642 relevant posts were analyzed using a
mixed-methods analytical framework comprising VADER-based sentiment analysis, machine
learning classification of tourism intention, and TF-IDF-driven thematic clustering. Results indicate
an overall predominance of positive sentiment, particularly toward social rituals, festive events, and
traditional craftsmanship, with positive sentiment emerging as the strongest predictor of travel
intention. Digital engagement metrics, notably likes and favorites, further amplified the impact of
intention-bearing content, while thematic clustering revealed four distinct experiential dimensions,
with festival and ritual-centered narratives generating the highest sentiment and tourism intention
scores. These findings demonstrate the strategic value of integrating advanced UGC analytics into
destination marketing frameworks, offering actionable insights for promoting underrepresented
cultural heritage destinations within the increasingly competitive global digital tourism landscape.

Keywords: cultural tourism; ICH tourism; digital transformation; sentiment analysis;
thematic clustering
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1. Introduction

The digital transformation of tourism has fundamentally reshaped how prospective travelers
discover and engage with destinations, particularly through social media and emerging technologies.
Social media platforms serve as important sources of information and cultural trends, enabling users
to share personal experiences, opinions, and generational perspectives (Di Gangi & Wasko, 2016).
These developments have restructured the tourism ecosystem by enabling real-time information
exchange, peer-to-peer communication, and the democratization of travel knowledge (Buhalis &
Law, 2008; Xiang & Gretzel, 2010; Nikolskaya et al., 2021). Such changes extend beyond mere
technological adoption to encompass fundamental changes in how tourists search for information,
make decisions, and share experiences (Neuhofer et al.,, 2015). The exponential advancement of
mobile technologies coupled with pervasive internet connectivity has enabled real-time tourist
experiences in which tourists continuously engage with digital platforms throughout the entire
journey, from inspiration and trip planning to on-site experience and post-trip sharing (Wang et al.,
2014; Bathla et al., 2024). Digital information and technologies are also rapidly transforming cultural
heritage tourism by providing innovative tools and techniques to engage visitors, create immersive
experiences and promote more sustainable preservation (Abdo, 2019). The intersection of digital
technologies and cultural heritage has created new opportunities for destination marketing, visitor
engagement and heritage preservation (Gretzel et al., 2015; Abdelhamed, 2023; Yang & Shen, 2024).

Cultural heritage tourism represents a significant and growing segment of the global tourism
market (Timothy & Nyaupane, 2009; Richards, 2018) particularly in the context of Intangible Cultural
Heritage (ICH), which provides a unique tourism opportunity for authentic cultural experiences and
profound engagement with the local traditions and customs (Zayachka, 2023). These cultural
attractions are defining constituents of a society, including its art, architecture, historical and cultural
heritage, gastronomy, literature, music, and other creative activities, which encompass the customs,
values, beliefs and way of life (World Tourism Organization, 2019; Angelini et al., 2020). This form of
tourism is characterized by the visitor's primary motivation to learn, discover, and engage with a
destination’s tangible and intangible cultural resources (Al-Ababneh & Masadeh, 2019). Tourists
increasingly travel to experience local culture, customs, and traditions at diverse destinations (Gnoth
& Zins, 2011). Contemporary cultural tourists seek authentic, immersive experiences that allow them
to engage deeply with local communities and traditions rather than merely observing cultural
artifacts (Mkono, 2012; Wasela, 2023). The trend of cultural tourism has shifted from product culture
to process culture, indicating an increasing interest among tourists in cultural experiences across
different destinations (OECD, 2008; Espeso-Molinero, 2022). This shift reflects a broader
transformation in tourist motivations from passive consumption of cultural products to active
participation in cultural experiences and co-creation of meaning (Richards & Wilson, 2006; Tan et al.,
2013; Sharma & Aggarwal, 2024).

As the use of social media platforms has increased dramatically, especially in the tourism
industry, social media has become a valuable resource for analyzing social trends and opinions
(Islam, 2021; Leelawat et al., 2022). Social media and user-generated content (UGC) exert influence
through specific roles in various stages and components of tourism decision-making, acting as need
generators and supporters that inspire users to include destinations in future travel plans and
strengthen the desire to travel (Ngai et al., 2014; Liu et al., 2019). Social media platforms facilitate
electronic word-of-mouth (eWOM) at unprecedented scale and speed, enabling travelers to share
experiences and recommendations with audiences instantaneously (Litvin et al., 2008). Online
reviews serve a significant role in tourism covering before, during, and after the journey, providing
essential information to others in the dynamic travel process (Zeng & Gerritsen, 2014). In particular,
younger-generation tourists largely depend on digital information to support decision-making
(Wang & Park, 2023). Generation Z primarily interacts with brands through online platforms, with
branding dimensions such as brand image, trust, and online brand experience significantly shaping
their purchase intentions and highlighting the broader importance of digital engagement strategies
in influencing this demographic's decision-making (Theocharis et al., 2025). Social media has
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fundamentally altered destination image formation by enabling tourists to access diverse, real-time
perspectives from other travelers rather than relying solely on official marketing communications
(Govers et al., 2007; Stepchenkova & Morrison, 2008). Online social media UGC may surpass
traditional marketing communications in credibility and persuasiveness (Fotis et al., 2012; Leung et
al., 2013). The volume, velocity, and variety of tourism-related UGC have created both opportunities
and challenges for destination marketers. Understanding tourist perceptions and preferences for
marketing purposes through this data has consequently become a central concern for researchers
(Mariani et al., 2016; Lee et al., 2016; Lin et al., 2021).

Sentiment analysis has been used to analyze large sets of UGC, such as online comments, social
media posts and consumer opinions, providing information regarding tourists’ opinions and
attitudes. This has yielded deeper insights into tourists’ experience preferences and consumer
perceptions (Pang & Lee, 2008; Liu, 2012; Balahur et al., 2013; Borrajo-Millan et al., 2021). Sawant and
Desai (2015) noted that mining of big data has become an important capability in tourism marketing,
as the data sets can be analyzed to predict trends and, as a result, determine which marketing
strategies are effectively targeted to different segments of consumer markets. Furthermore, complex
analytical approaches are required to capture the complexity, temporality, and heterogeneity of
tourist perceptions as the dynamic, co-created nature of destination image in social media
environments (Choi et al., 2007; Marine-Roig & Clavé, 2015).

Among global outbound tourism markets, Chinese tourists are especially noteworthy and have
a significant role as a major source of international tourists (Quer & Peng, 2022; Lushchyk, 2023).
With over a billion internet users and rapid digital and social media adoption, as of December 2022,
nearly all internet access of China’s netizens was via mobile phones (Lai & To 2012; China Internet
Network Information Center, 2023). The growth of tourism in China has been aided by the Internet,
which provides a more efficient means of communicating cultural and historical heritage (Ma et al.,
2003; Ma & Mohame, 2023). Moreover, the new generation of Chinese tourists seeks quality travel
experiences. Tourism activities, communication channels and media were identified as key factors in
travel prioritization (Lojo, 2020; Kaewyu et al., 2020). The digital behavior of Chinese tourists is
distinctive owing to a unique digital ecosystem in which major global platforms are inaccessible and
domestic social media platforms operate with considerable independence (Yuan et al., 2022). These
platforms combine social networking, content sharing, e-commerce, and travel planning
functionalities in ways that profoundly influence Chinese tourist information-seeking behavior and
decision-making processes (Li et al., 2015; Basnyat & Jiahui, 2020).

Despite Chinese tourists’ strong presence in digital spaces, lesser-known cultural destinations
often lack visibility in Chinese social media discourse. Lamphun, a culturally rich city situated in the
upper north of Thailand near Chiang Mai, the principal tourism center of northern Thailand,
represents such a case. Lamphun possesses several registered intangible cultural heritage elements,
including traditional textiles, rituals, and festivals. While Lamphun possesses considerable cultural
capital with significant tourism potential, this relatively well-known provincial town attracts only
approximately 1 million tourists per year compared to around 10 million annual visitors to the
neighboring city of Chiang Mai. Notably, only around 2,500 Chinese tourists visited Lamphun
between 2018 and 2023 (Ministry of Tourism and Sports, 2023), underscoring the destination's limited
visibility among Chinese travelers.

Significant research gaps persist despite the increasing importance of cultural tourism, especially
its intangible dimensions, and the critical role of Chinese tourists in global tourism markets. Studies
in cultural tourism tend to gravitate towards well-established destinations, potentially leaving lesser-
known cultural destinations under-explored (Chhabra et al., 2003; Alivizatou, 2012). Furthermore,
few studies have combined sentiment analysis with other methods to examine intangible cultural
heritage tourism engagement specifically through the lens of Chinese digital platforms. The study
situates its findings within broader discourses of transformational digital tourism, demonstrating
how advanced analytics can amplify the marketing strategies of underrepresented cultural
destinations and reframe ICH experiences for global audiences.
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2. Materials and Methods

2.1. Research Design and Overview

This research employs an advanced mixed-methods social media content analytics approach,
collecting data from Chinese social media platforms, focusing on UGC related to Lamphun cultural
heritage tourism. Web scraping techniques were employed to collect posts and comments by Chinese
users from 2019-2023, yielding an initial dataset from three primary platforms: WeChat, Douyin
(TikTok), and Rednote. The analytic framework integrates sentiment analysis with machine learning-
based tourism intention analysis and thematic clustering. This multi-method approach aligns with
contemporary best practices in tourism analytics, which emphasize integrating complementary
techniques to provide comprehensive insights into complex phenomena (Mirzaalian & Halpenny,
2019; Gour et al., 2021). The selection of WeChat, Douyin, and Rednote reflects the dominant
platforms used by Chinese users for information sharing, with each platform serving distinct
functions (Yuan et al., 2022; Dai, 2023). The study follows a data mining and analytics framework
(Figure 1) using Python-based tools and the Orange Data Mining software to systematically analyze
UGC from WeChat, Douyin and Rednote.

Data Scraping: WeChat,
Douyin, Rednote

!

Initial Data Collection Structured: Posts, Comments,

Engagement metrics (likes, comments, favorites, shares)

|

Machine learning-assisted translation & Data Cleaning and

Processed text

|

Structured CSV Formatting

/ \

Sentiment Analysis and TF-IDF analysis

Tourism Intention Analysis l

Tourism Themes Clustering

Figure 1. Overview of the data mining and analytical framework employed in this study.

Data Visualization and interpretation
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2.2. Data Collection

Social media data were collected via web scraping techniques from WeChat, Douyin, and
Rednote, focusing on posts and comments published between 2019 and 2023. Keywords used in the
scraping included terms in Chinese equivalent to ‘Lamphun tourism,” ‘Cultural heritage in
Lamphun,” and specific cultural elements, for example, ‘Lamphun’s Lantern Festival’. Data were
structured as spreadsheets containing timestamped entries, pseudonymized usernames, content text,
engagement metrics (likes, comments, favorites, and shares), and topic labels. All original content
was in Chinese.

2.3. Data Preprocessing

The collected Chinese-language content was subsequently translated and labelled using NLP
preprocessing for further analysis. Content was translated into English using Al-assisted tools,
followed by structured transformation, tokenization, filtering, and removal of duplicates and noise.
The cleaned data were formatted as a CSV file for subsequent analytical procedures.

Al-assisted machine translation tools were used to support preprocessing of Chinese-language
source data, all translated content was reviewed and verified by the authors.

2.4. Data Analysis
2.4.1. Sentiment Analysis and Tourism Intention

Sentiment analysis was conducted within Orange Data software. Using a VADER (Valence
Aware Dictionary and Sentiment Reasoner) lexicon-based approach, the analysis classified
sentiments into positive, neutral, and negative categories across different aspects of tourism
experiences. VADER is a lexicon and rule-based sentiment analysis tool specifically designed for
social media text, with demonstrated effectiveness in handling informal language, emoticons, slang,
and other features common in user-generated content (Hutto & Gilbert, 2014). Polarity scores ranged
from -1 (negative) to +1 (positive). Sentiment scores were computed across the five UNESCO ICH
categories relevant to Lamphun’s cultural tourism.

To investigate the relationships among UGC sentiment, engagement metrics and the expression
of tourism intention, a semantic analysis of UGC content was conducted. Tourism intention signals
were operationalized as a binary variable, determined through a machine learning augmented rule-
based classification applied to the dataset (Abel & Lantow, 2019; Hamroun & Gouider, 2020; Liu &
Beldona, 2021). Posts were assigned as intention-driven if they contained explicit pre-defined
indicators of tourism motivation, such as expressions of willingness to visit, recommendations,
references to festival attendance, or evidence of travel planning. Posts without such expressions were
classified as non-intention or without intention. The keyword set was developed iteratively from
exploratory corpus review and domain-specific vocabulary.

Classification was implemented programmatically and integrated into the cleaned dataset. A
chi-square test of independence was performed to assess the relationship between sentiment and
tourism intention, followed by pairwise comparisons using Fisher’s Exact Test for specific group
contrasts. To evaluate the relationship between engagement metrics (likes, comments, favorites,
shares) and intention, non-parametric Mann-Whitney U tests were applied. Given the potential non-
linearity and multicollinearity in the engagement data, a Random Forest classifier was used to explore
the predictive capacity of sentiment and engagement features for tourism intention.

2.4.2. Term Frequency-Inverse Document Frequency (TF-IDF) Analysis and Tourism
Theme Clustering

TFE-IDF analysis was performed using the Orange Data Mining software; thereafter, thematic
clustering analysis was conducted using K-means applied to TF-IDF keyword vectors. K-means
clustering is an unsupervised machine learning algorithm that partitions documents into clusters
based on the similarity of their TF-IDF vectors, enabling discovery of thematic structure in large text
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corpora without predefined categories (Jain, 2009; Kwale, 2013; Li et al., 2019). K-means has proved
effective for identifying tourism themes, destination attributes, and tourist experience dimensions
from social media content (Arefieva V et al., 2021; Harish et al., 2023). The optimal number of clusters
was determined using the Elbow method. High-ranking TF-IDF terms from cluster centroids were
used to characterize the thematic structure of each cluster. Cluster-level tourism intention was
calculated as the proportion of intentional posts, and average sentiment score was calculated within
each cluster.

2.4.3. Data Visualisation and Interpretation

Frequently occurring terms within the dataset were visualized using a word cloud, highlighting
core themes and tourist interests. Keyword prominence corresponded directly to frequency of
mentions, enabling stakeholders to identify key themes and concepts relevant to tourism
practitioners and destination managers. Additionally, this visualization assisted policymakers and
tourism managers in decision-making by highlighting overarching themes that indicate areas of
significant value or those requiring improvement (Filatova, 2016; Dobrea et al., 2023). Principal
Component Analysis (PCA) was applied to thematic clustering to reduce dimensionality and
visualize the clusters in two dimensions, enabling the interpretation of data distributions and group
separation.

3. Results

A total of 5,663 posts and more than 10,000 comments were collected during the 2019-2023
period. The data spanned multiple sources, user types, and temporal frames. After filtering for
relevance keywords, the dataset was refined to 642 messages directly pertaining to the research focus.

3.1. Sentiment Analysis and Tourism Intention
3.1.1. Sentiment Analysis

The results revealed significant patterns in Chinese tourists' perceptions of Lamphun, indicating
an overall prevalence of positive sentiment, with 367 positive reviews across all components, yielding
an average sentiment score of 0.3554. The analysis also identified 210 neutral reviews and 65 negative
reviews within the dataset. Notably, different aspects of the tourism experience elicited varying
sentiment distributions. ‘Knowledge and practices concerning nature and the universe’ garnered 188
positive reviews with an average sentiment score of 0.2997, along with 117 neutral and 40 negative
reviews, representing the highest proportion of negative sentiment among all categories. ‘Social
practices, rituals, and festive events’ achieved the highest sentiment score with 109 positive reviews, 56
neutral reviews and 8 negative reviews recorded. ‘Traditional craftsmanship’ elements received
uniformly positive reviews with no negative sentiment, recording a relatively high sentiment score of
0.4752. ‘Performing arts’ received 20 positive reviews with the lowest average sentiment score. Overall,
sentiment of posts toward Lamphun was predominantly positive, as summarized in Table 1.

Table 1. Sentiment analysis of posts related to Lamphun categorized by UNESCO’s ICH elements.

Sentiment Review Average Sentiment
ICH Elements .
Classification Volume Score
Positive 36
Oral traditions and expressions Neutral 18 0.2967
Negative 9
Positive 20
Performing arts Neutral 14 0.1266
Negative 8
. . . . Positive 109
Social practices, rituals and festival events 0.5302
Neutral 56
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Negative 8
Knowledge and practices concerning Positive 188
. Neutral 117 0.2997
nature and the universe -
Negative 40
Positive 14
Traditional craftsmanship Neutral 5 0.4752
Negative 0
Positive 367
Overall Lamphun reviews Neutral 210 0.3554
Negative 65

3.1.2. Sentiment and Tourism Intention Analysis

A chi-square test of independence indicated a statistically significant association between
sentiment and tourism intention (X2 = 94.129, p <0.001). Pairwise comparisons revealed a significant
difference in tourism intention between the positive sentiment group and other groups, while the
differences between the neutral and negative groups were not significant. The results are summarized
in Table 2 and Figure 2.

Table 2. Fisher’s Exact Test for Pairwise Sentiment Comparisons.

Sentiment categories Odds Ratio p-value
Positive vs Neutral 16.877 <0.001*
Positive vs Negative 13.781 <0.001*
Neutral vs Negative 0.817 0.7226

* indicates statistically significant.

Sentiment vs Tourism Intention

' * ' Tourism Intention
' ) n.s. . Hl Intention
100 - I Without Intention
80 1
2]
T
o]
P~
5
o 6017
1)
3
o
)
o
&
40 A
20
0 -
Positive Neutral Negative
Sentiment Category

Figure 2. Distribution of tourism intention across sentiment categories with Fisher’s exact test results (* indicates
p <0.01, n.s. = non-significant).
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In terms of engagement metrics and tourism intention, all engagement metrics showed
significant differences between intention and non-intention groups. The Random Forest model
achieved 86.3% classification accuracy, with intention contents predicted with an F1-score of 0.756
(Table 3 and Table 4).

Table 3. Mann-Whitney U Tests for Engagement Metrics by Intention and Non-intention.

Engagement Metric U-Statistic p-value
Likes 15593.0
Comments 23075.0

. <0.001*
Favorites 20128.0
Shares 24357.5

Table 4. Random Forest Classification Report.

Classification Precision Recall F1-score Support
With intention 0.708 0.810 0.756 42
Without intention 0.929 0.882 0.905 119
Accuracy 0.863 161
Macro avg. 0.819 0.846 0.830 161
Weighted avg. 0.872 0.863 0.866 161

Feature importance scores derived from the Random Forest model indicated that sentiment

score ranked as the most important predictor of intentional posts, followed by likes, and favorites
(Table 5).

Table 5. Feature Importance from Random Forest.

Feature Importance
Sentiment score 0.556
Likes 0.146
Comments 0.083
Favorites 0.139
Shares 0.076

3.2. TF-IDF and Tourism Theme Clustering
3.2.1. TF-IDF and Word Cloud Visualization

The high-frequency terms analysis identified ‘festival,” ‘chiangmai,” and ‘lanterns’ as having the
highest overall TF-IDF scores (Table 6).

Table 6. Top 20 words with TF-IDF Score.

Words TE-IDF Score Words TE-IDF Score
festival 0.0377073 beautiful 0.0172665
chiangmai 0.0367715 food 0.0152131
lanterns 0.0325178 travel 0.0144857
epidemic 0.0291592 night 0.0133945
day 0.0239269 cafe 0.0126642
delicious 0.0222118 restaurant 0.0123372
pot 0.0200892 meat 0.0121968
lanterns festival 0.0197876 longan 0.0112729
times 0.0185547 favorite 0.0111814
temple 0.0183071 photos 0.0106891
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The TF-IDF analysis further quantified keyword significance within the dataset, complementing
the Word cloud visualization with statistical precision. The Word cloud visualization, as shown in
Figure 3, represents frequently occurring keywords from Chinese tourists' posts about Lamphun.
‘chiangmai’, which refers to Chiang Mai, is the most frequently mentioned term, located in the center
of the word cloud highlighting prominent elements. Other frequently mentioned terms include
‘festival,” ‘lanterns,” ‘temple,” ‘travel,’ ‘café,” “city,” and others.

% > : speed century
addjtion ®historical SPEC'a traditional k
‘ terracotta . . o songkran y
o1y station Ny check J beach watch
NdeP located golf visit rat] hours
internet . hotel. haa tifyy| £EAONT chinese
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Figure 3. Word cloud visualization of Lamphun-related posts.

3.2.2. Tourism Themes Clustering and PCA Visualization

A total of four theme clusters were identified, each representing a semantically coherent group
of tourist-generated content, summarized in Table 7. The themes span a broad spectrum of cultural
and experiential dimensions. Several clusters captured Chiang Mai and culturally significant festive
atmospheres, particularly associated with the Loy Krathong festival and related ritual practices,
combined with local gastronomy and temple visits. Other clusters related to religious and historical
heritage sites. One cluster reflected pandemic-era travel behaviors and tourism experiences. Another
cluster highlighted modern tourism activities, such as visiting coffee shops or cafes, incorporating
local landscapes, and local food. Cluster 2, primarily associated with festival, exhibited the highest
average sentiment score and tourism intention. The pandemic-related cluster (Cluster 3) recorded an
intention proportion of 0.703 with the lowest average sentiment score across four clusters. Cluster 0
demonstrated an average sentiment score of 0.588 with a tourism intention of 0.689. Cluster 1
similarly featured food-related keywords; however, it recorded the lowest average sentiment score
and tourism intention among all clusters.

Table 7. Summary of thematic clusters, keywords, suggested theme, average sentiment and tourism intention

proportions.
A Touri
Cluster Keywords Suggested Theme ve.rage oun?m
Sentiment Intention
food, chiangmai, shop, meat, day, Contemporary cafe hopping,
0 travel, vegetarian, coffee, City exploring and local food 0.588 0.689
restaurant, longan experiences
delicious, pot, chiangmai, day, . -
. . . Local cuisine and religious-
1 times, beautiful, favourite, photos, 0.272 0.258

related sites
drinks, temple
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festival, lanterns, lanterns festival, . . .
. . ] Major festival and ritual
2 chiangmai, temple, night, water, . 0.818 1
. symbolism
loy, krathong, beautiful

epidemic, festival, times, travel, .
. Pandemic-related and local
3 return, school, bangkok, covid, . ) 0.183 0.703
. . life experiences
domestic, restrictions

The principal component analysis (PCA) projection illustrated the spatial distribution of the four
thematic clusters in a two-dimensional component space (Figure 4). The plot illustrated the relative
separation and proximity of clusters, with some themes appearing more compact while others
exhibited a wider spread across the principal component space. Clusters 0 and 1 (Cafe culture and
Local cuisine) were located near the center of the plot, forming compact groupings with partial
overlap. Cluster 2 (Major Festival and Ritual Symbolism Theme) was positioned further apart from
the central grouping, exhibiting greater separation along the principal component axes. Cluster 3
(Pandemic-related and Local life experiences) occupied a more peripheral position relative to the
other clusters, separated from the main grouping along the second principal component axis.

Two-Dimensional PCA Visualisation of Thematic Clusters
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Figure 4. Two-dimensional PCA representation of TF-IDF Matrix for Thematic Clustering. Each point represents
a tourism-related content entry distributed along the first and second principal components (PCA1 and PCA2),

with colors indicating cluster membership as determined by K-means analysis.

4. Discussion

The findings of this study offer meaningful insights into how Chinese tourists engage with and
respond to Lamphun's cultural tourism offerings through digital media platforms. This study
contributes to the literature by applying sentiment analysis and thematic clustering to examine
destination perception and tourism intention among Chinese visitors to a second-tier heritage city in
northern Thailand. The sentiment analysis conducted in this study demonstrated consistently
positive perceptions across the five UNESCO intangible cultural heritage categories, signifying a
favorable response to Lamphun's cultural tourism among Chinese tourists. This primarily positive
response aligns with overall trends in outbound Chinese tourism. The category with the most
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discussion was 'Knowledge and practices concerning nature and the universe', followed by 'Social
practices, rituals and festival events'. Both categories are associated with the culinary culture and
festivals, highlighting their importance as vehicles for connecting tourists with the local community.
Chinese outbound visitors are driven by diverse motivations, with cultural differences and
exploration frequently serving as substantial motivators (Otafiire ef al., 2019). This demographic has
also demonstrated a strong willingness to engage with local food culture as part of the cultural
tourism experience. Thailand’s vibrant culture largely fascinates Chinese travelers, enhances the
travel experience, and motivates return visits (Shi, 2021). This finding aligns with studies that
emphasized the role of festival and culinary experiences in cultural tourism engagement (Gnoth &
Zins, 2011; Lopez-Guzman et al., 2016). The results also indicate particularly strong positive
sentiment toward ‘Social practices, rituals, and festive events’ and “Traditional craftsmanship’. These
findings suggest that both aspects resonate most effectively with Chinese visitors. Both are closely
associated with Lamphun’s major festival, the Hundred Thousand Lanterns Festival, characterized
by the hanging of countless paper lanterns throughout the Haripunchai temple area and surrounding
city center. The strong response to 'Traditional craftsmanship’ further reflects growing interest in
Lamphun's heritage brocade flower fabric, a locally distinctive textile tradition. Richards (2018)
indicated that recent trends show a shift from tangible to intangible heritage. International travelers
are particularly attracted to both expressions of culture due to their visual and interactive aspects.
Lamphun’s brocade flower fabric has emerged as a noteworthy intangible cultural heritage artifact
attracting increasing attention from Chinese tourists. This high-quality, locally made fabric offers a
promising direction for heritage tourism. The fact that ‘Oral traditions and expressions’ and
‘Performing arts’ received relatively few reviews, with “Traditional craftsmanship’ receiving fewer
still, points towards limited experience in elaborating these culturally significant elements. These
specific aspects of cultural heritage were found to have strong ties to local religious and historical
stories, particularly the legend of Lamphun’s ancient princess, Chanmadevi, and associated local
performative traditions. These aspects of intangible cultural heritage are deeply embedded in local
mythology, ritual practice, and historical narrative, offering nuanced insights into the region's
cultural epistemology and traditional performative arts (McKerrell & Pfeiffer, 2019; Lin & Chen,
2025). Their limited digital visibility may reflect the challenges of communicating intangible or
performative traditions through social media formats. This pattern suggests that targeted digital
content or social media strategies could increase the visibility of less-discussed cultural elements
(Wanju et al., 2025).

Regarding the highest number of negative sentiment reviews of ‘Knowledge and practices
concerning nature and the universe’, overall sentiment remained positive. Chinese visitors' strong
interest in novel culinary experience is well documented. Cheng & Jiang (2024) suggested that the
availability of varied cuisine in Thailand is one of the key factors shaping its destination image. The
diversity and accessibility of local dishes are important factors in Chinese visitors’ overall satisfaction
(Satchapappichit, 2020). However, this result may indicate that certain elements of Lamphun's
cultural offerings do not fully align with Chinese tourists’ expectations, particularly given that
differences in gastronomic habits and culinary traditions can present genuine challenges for Chinese
visitors (Zhang & Niyomsilp, 2020).

The analysis of tourism intention revealed it was more frequently expressed in posts
characterized by positive sentiment and higher engagement metrics. The prominence of positive
sentiment in intention-bearing UGC suggests that a positive attitude and emotion act as key stimuli
for prospective travel behavior. This finding is consistent with Afshardoost and Eshaghi (2020), who
concluded that a positive destination image strongly influences intention to visit or recommend. The
favorable emotional evaluations also strengthen attitudes and subsequently increase the likelihood
of the intended action (Lam & Hsu, 2005; Kiatkawsin & Han, 2017). All engagement metrics,
including likes, comments, favorites, and shares, showed significant differences between intention
and non-intention groups based on Mann-Whitney U tests, indicating that interactive engagement
amplifies both the reach and persuasive value of user-generated content. High engagement signals
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authenticity and trustworthiness, making content more persuasive and more likely to influence travel
attitudes and behaviors, including purchase intentions and brand loyalty (Mathur et al., 2021; Konak,
2024). Engagement behaviors also serve as social endorsement mechanisms, amplifying the reach and
impact of UGC by encouraging further interaction and content dissemination, increasing the
perceived credibility and appeal of the destination (Aljarah et al., 2022; Kaukuntla, 2025). The pattern
observed in this study aligns with earlier research identifying interactive digital responses as
mediators between exposure to tourism content and decision-making (Cheung et al., 2021). The
Random Forest model confirmed that sentiment score was the most important predictor of tourism
intention, followed by likes and favorites. This emphasizes the combined role of emotional tone and
digital interaction in signaling travel propensity. Other predictive analytics studies reported
comparable results that models integrating affective and engagement variables demonstrated
superior accuracy in forecasting travel intentions compared to sentiment-only approaches (Li et al.,
2022). The inclusion of digital accessibility and social influence metrics further refines these predictive
models, reflecting how modern consumers navigate information and form intentions within a digital
ecosystem (Tiwari & Joshi, 2020). The lower importance of comments in prediction reflects the varied
nature of comment behavior. Studies consistently find that subjective or unstructured variables (e.g.,
comments) tend to have lower importance in such models. Due to the heterogeneous content,
comments usually include questions, clarifications, or criticisms that do not necessarily indicate a
user's travel intention, reducing the predictive power in the model (Hagenauer & Helbich, 2017;
Cheng et al.,, 2018). Similarly, shares emerged as the lowest importance predictor in the present
model. This is consistent with Tsekouropoulos (2019) suggesting that sharing behavior is driven by
a complex and inconsistent set of factors that limits its predictive power.

With respect to the Word cloud and TF-IDF analysis, the data demonstrated that digital media
functioned not merely as a promotional channel, but as a transformative medium in shaping cultural
engagement with a destination. The most prominently weighted terms identified from Lamphun-

"o

related content included "festival," "chiangmai," "lanterns," "temple," and "cafe." The emergence of
"chiangmai" as a high-weighted term is particularly noteworthy, as it reflects a close association in
tourist discussion between Lamphun and the neighboring city of Chiang Mai. This finding suggests
that many visitors perceive Lamphun as part of a broader regional itinerary centered on Chiang Mai,
rather than as an independent destination. This observation aligns with tourism statistics showing
substantially higher international visitation rates to Chiang Mai (Ministry of Tourism and Sports,
2023), and points toward the potential value of collaborative regional tourism development strategies
that leverage this perceived connection between the two cities. Tourists based in major cities who are
seeking alternative experiences may venture into second-tier cities owing to their distinctive cultural
attractions, local food, culture, and more affordable prices (Fakfare et al., 2020). However, the benefits
of this spillover effect are not uniform across destinations. Cities with significant heritage assets tend
to benefit more substantially from the overflow of tourism from larger urban centers compared to
those with fewer major heritage elements (Tian et al., 2021). Lamphun, with its rich intangible cultural
heritage, is well positioned to attract visitors seeking fresh experiences away from the heavily visited
city of Chiang Mai. The high frequency of ‘festival,” ‘temple,” and ‘lanterns’ suggests that tourists are
particularly interested in cultural heritage related to festivals and religious sites in Lamphun,
especially the Hundred Thousand Lanterns festival, celebrated at Haripunchai temple or “Wat Phra
That Haripunchai’. These findings demonstrate that cultural celebrations and historical temples
constitute core elements of Lamphun's tourism appeal to Chinese visitors. Consistent with Wang et
al. (2015), the findings of this study determined that Chinese tourists are driven by religious faith,
desire for cultural enrichment, and need for mental rejuvenation when visiting religious heritage
sites. The emergence of "cafe" as a notable term also reflects a growing interest among Chinese
tourists in contemporary leisure experiences, suggesting that Lamphun's appeal extends beyond
traditional heritage tourism into lifestyle-oriented activities.

The thematic clustering revealed four distinct clusters that reflect the interplay between cultural
specificity, experiential diversity, and temporal context in shaping destination perception among
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Chinese tourists. Clusters 0 and 1, positioned closely in the PCA space, both indicate an overlapping
thematic focus on local cuisine and cafe culture, though with divergent sentiment and intention
outcomes. The cluster centered on contemporary cafe hopping, city exploration, and local food
experiences (Cluster 0) recorded a high sentiment score and a relatively strong tourism intention. By
contrast, the cluster associated with local cuisine and religious sites (Cluster 1) recorded the lowest
scores across both metrics despite being thematically proximate. The results suggest that the appeal
of food and religious heritage may be amplified when integrated within broader lifestyle-oriented
narratives, such as cafe hopping and urban exploration. The outcomes align with the evolving
preferences of younger Chinese tourists. Gao et al. (2021) found that younger Chinese tourists favored
contemporary leisure activities that complement the historical significance of chosen destinations.
This shift indicates a broader movement toward integrating cultural exploration with leisure
pursuits. This trend also indicates a diversification of travel motivations beyond traditional
sightseeing (Hu and Chen, 2023). Festival-centered narratives (Cluster 2), particularly centered on
Loy Krathong celebrations, temple rituals, and lantern symbolism, emerged as the strongest drivers
of both positive sentiment and tourism intention across all clusters. Its thematic distance from other
clusters in the PCA space further underscores the unique and highly distinctive character of its
content. These elements embody affective engagement and symbolic experiences, resonating with the
notion that participation in culturally embedded rituals strengthens travel motivation. The study
revealed that sensory immersion, narrative symbolism, and opportunities for cultural participation
associated with the festival experience significantly enhance the memorability of heritage encounters,
ultimately strengthening behavioral intention among visitors (Ye et al., 2025). Notably, Pandemic-
related and local life experiences (Cluster 3) presented a low average sentiment score yet relatively
high tourism intention. This pattern suggests that negative or constrained contextual circumstances
do not necessarily eliminate the desire to travel. Instead, such circumstances shift interest toward
destinations perceived as safe, authentic, or resilient, and foster new forms of travel planning.
Research indicates that travel restrictions can produce a dual effect: suppressing immediate travel
plans while simultaneously intensifying future travel desire, a pattern described as 'compensatory'
or revenge' travel driven by the emotional and cognitive need to compensate for lost experiences
(Kim et al., 2021; Zhang et al., 2021; Wang & Xia, 2021).

5. Conclusions

This study examines Chinese tourists’ engagement with Lamphun’s intangible cultural heritage
through an integrated digital analytics framework, with the aim of identifying sentiment patterns,
intention drivers, and thematic trends. The study identified key patterns in tourist discourse that can
guide strategic marketing and heritage management decisions for this second-tier destination in
northern Thailand. The findings revealed a predominance of positive sentiment toward Lamphun's
cultural offerings in ‘social practices, rituals and festive events’ and ‘traditional craftsmanship’.
Culinary-related heritage, however, attracted the most negative feedback, pointing to a gap between
tourist expectations and the actual culinary experience, as well as to the influence of broader cultural
differences. A strong and statistically significant relationship was found between positive sentiment
and tourism intention. Posts reflecting positive emotional responses were far more likely to express
a desire to visit Lamphun, and these posts also attracted considerably higher engagement in the form
of likes, favorites, comments, and shares.

The thematic clustering produced four distinct content groups, each reflecting a different
dimension of how Chinese tourists engage with the destination. Festival and ritual-related content
consistently generated the highest sentiment and the strongest tourism intention, establishing the
Hundred Thousand Lanterns Festival (or Loy Krathong) as the most powerful asset in Lamphun's
tourism portfolio. Content centered on cafe culture and urban exploration also performed strongly,
while content linking local cuisine with religious sites showed comparatively lower scores in both
sentiment and intention. Notably, content associated with pandemic-era experiences reflected low
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sentiment but relatively high tourism intention, suggesting that disrupted travel periods can intensify
rather than diminish the desire to visit meaningful destinations.

These findings carry clear implications for those responsible for promoting and managing
Lamphun as a tourism destination. Festival-driven campaigns should be given the highest marketing
priority, as they generate the strongest emotional engagement and the clearest expression of travel
intent among Chinese audiences. Culinary heritage can be made more compelling by connecting it
with cafe culture and contemporary lifestyle narratives that resonate with younger Chinese travelers.
Positioning Lamphun as a complementary destination to Chiang Mai, rather than an independent
competitor, offers a practical and effective route to increasing visitor numbers and spending.
Sustained government investment in tourism infrastructure and policies tailored to second-tier
destinations will also be essential in ensuring that Lamphun's growth as a heritage tourism
destination remains both economically viable and culturally sustainable over the long term.

As with most studies, there are limitations to consider. The data were sourced from three
Chinese social media platforms and covered a defined period, meaning that the views of less digitally
active visitors may not be fully represented. Future studies could build on these findings by
examining a larger dataset over a longer timeframe, conducting comparative analyses across multiple
second-tier heritage cities, or incorporating complementary methods to further explore the
relationship between digital engagement and tourism behavior at cultural destinations, and examine
how second-tier status shapes both opportunities and challenges in digital tourism marketing.
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