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Highlights

What are the main findings?

• Chinese tourist UGC related to Lamphun reveals a predominance of positive sentiment
across all ICH categories, with sentiment score emerging as the strongest predictor of
tourism intention.

• Hybrid culinary heritage—lifestyle cafe exploring content generates the highest senti-
ment distribution and within cluster tourism intention rate.

What are the implications of the main findings?

• UGC analytics combining sentiment analysis, rule-based classification, and thematic
clustering provides a scalable framework for underrepresented cultural destinations.

• Digital campaigns targeting Chinese audiences should integrate cultural heritage
narratives with contemporary lifestyle activities to maximize engagement and tourism-
intention conversion.

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 her-
itage sites remain substantially underrepresented in digital tourism research. This study
investigates how Chinese tourists perceive and engage with the intangible cultural her-
itage (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 SnowNLP-based Chinese-language sentiment analysis, rule-based
tourism intention classification, and TF-IDF-driven K-means thematic clustering. Results
indicate an overall predominance of positive sentiment, with sentiment score emerging
as the strongest predictor of tourism intention. Thematic clustering revealed three dis-
tinct experiential dimensions, with culinary heritage and contemporary local lifestyle and
cafe exploration generating the highest sentiment distribution and within-cluster tourism
intention rate. These findings demonstrate the analytical value of integrated UGC data
mining for underrepresented ICH destinations and offer empirical insights to support
data-driven destination marketing strategies and destination management organization
(DMO) decision-making for the promotion of secondary cultural heritage destinations.
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1. Introduction
The digital transformation of tourism has fundamentally reshaped how prospective

travelers discover and engage with destinations. Social media platforms and user-generated
content (UGC) serve as important sources of information, destination discovery, and cul-
tural trends, facilitating electronic word-of-mouth (eWOM) at an unprecedented scale and
speed by enabling users to share personal experiences, opinions, generational perspectives,
and travel recommendations with audiences instantaneously (Litvin et al., 2008; Di Gangi &
Wasko, 2016). These developments have restructured the tourism ecosystem beyond mere
technological adoption, fundamentally changing how tourists search for information, make
decisions, and share experiences through real-time information exchange, peer-to-peer
communication, and the democratization of travel knowledge (Xiang & Gretzel, 2010;
Neuhofer et al., 2015; Nikolskaya et al., 2021). The exponential advancement of mobile tech-
nologies and pervasive internet connectivity has enabled tourists to engage continuously
with digital platforms throughout the entire journey, from inspiration and trip planning
to on-site experience and post-trip sharing, with online reviews and UGC also playing
a significant role at each stage by providing essential information in the dynamic travel
process (D. Wang et al., 2014; Zeng & Gerritsen, 2014; Bathla et al., 2024).

The advancement of artificial intelligence (AI) and data mining technologies has fur-
ther expanded the analytical potential of social media data in tourism, enabling more
systematic identification of patterns, sentiment, and tourist preferences from large vol-
umes of UGC (Gau et al., 2024; Boukhari et al., 2025). The volume, velocity, and variety
of tourism-related UGC have created both opportunities and challenges for destination
marketers in understanding tourist perceptions and preferences, which has consequently
become a central concern for researchers (Mariani et al., 2016; M. S. Lin et al., 2021). For
destination management organizations (DMOs), insights derived from UGC analysis can be
applied to develop more precisely targeted marketing content and communication strate-
gies, with recent advances in generative AI further expanding the potential for adaptive
destination storytelling and visitor engagement (Chemin et al., 2025; Sujatmiko et al., 2025;
Nicolau, 2025).

Cultural heritage tourism represents a significant and growing segment of the global
tourism market, reflecting a broader shift from product culture to process culture at di-
verse destinations (Gnoth & Zins, 2011; Richards, 2018; Espeso-Molinero, 2022). Tourists
increasingly seek authentic, immersive experiences that allow deep engagement with lo-
cal communities and traditions rather than merely observing cultural artifacts (Mkono,
2012; Wasela, 2023). This trend is particularly evident in the context of intangible cultural
heritage (ICH), which reflects a fundamental change in tourist motivations from passive
consumption of cultural products to active participation in authentic cultural experiences
and the co-creation of meaning with local traditions and customs (Zayachka, 2023; Sharma
& Aggarwal, 2024).

Among global outbound tourism markets, Chinese tourists represent a major source
of international visitors and operate within a digital environment characterized by high
mobile internet usage and rapid adoption of digital and social media (Quer & Peng, 2022;
Lushchyk, 2023; China Internet Network Information Center, 2023). The new generation
of Chinese tourists demonstrates a strong preference for quality travel experiences, with
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tourism activities, communication channels, and media identified as key factors in travel
prioritization (Lojo, 2020; Kaewyu et al., 2020). Despite the strong presence of Chinese
tourists in digital spaces, lesser-known destinations often lack visibility in Chinese social
media discourse (H. Li et al., 2023).

Lamphun, a culturally rich city situated in the upper north of Thailand near Chi-
ang Mai, the principal tourism center of northern Thailand, represents such an under-
represented cultural tourism case. The city holds several registered intangible cultural
heritage elements, including traditional textiles, rituals, and festivals. While Lamphun
holds considerable cultural capital with significant tourism potential, this city 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 2500 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 UGC analytics
in cultural tourism, especially in relation to intangible cultural heritage. Studies in cultural
tourism tend to gravitate towards well-established destinations, potentially leaving lesser-
known cultural destinations underexplored (Chhabra et al., 2003; Alivizatou, 2012). In
addition, limited research has combined UGC sentiment analysis with other analytical
methods to examine intangible cultural heritage tourism engagement specifically through
the lens of Chinese tourists and Chinese digital platforms. This study addresses these gaps
by analyzing Chinese-language UGC data related to Lamphun, applying an integrated
multi-method framework including sentiment analysis, tourism intention analysis, and ICH
tourism theme clustering. The specific objectives are to: (1) examine sentiment patterns in
Chinese social media discourse of Lamphun; (2) assess tourism-intention signals embedded
in social media posts; and (3) identify thematic clusters and engagement patterns for
destination marketing insights to support cultural heritage promotion of underrepresented
cultural destinations. This study contributes to transformational digital tourism research by
applying integrated UGC analytics to a lesser-known ICH destination, providing empirical
insights that can inform data-driven destination marketing strategies and repositioning
ICH experiences of underrepresented cultural destinations for broader tourism audiences.

2. Literature Review
2.1. Intangible Cultural Heritage (ICH) Tourism in Digital Contexts

Intangible cultural heritage (ICH) encompasses the practices, representations, expres-
sions, knowledge, and skills recognized and shared by individuals, groups, or communities,
which are passed down across generations as part of a living cultural identity (UNESCO,
2003). These cultural attractions include arts, architecture, historical and cultural heritage,
gastronomy, literature, music, and other creative activities, which encompass the customs,
values, beliefs, and way of life of a society (World Tourism Organization, 2019; Angelini
et al., 2020). The growth of ICH tourism reflects a rising interest in experiential and cul-
turally meaningful travel. This form of tourism is characterized by the visitor’s primary
motivation to learn, discover, and engage with tangible and intangible cultural resources
of a destination (Al-Ababneh & Masadeh, 2019). Culturally motivated tourists tend to
seek authenticity, community interaction, and cultural immersion when visiting heritage
destinations, reflecting the pivotal role of intangible cultural experiences in contemporary
cultural tourism (Seyfi et al., 2019; Sanjaya & Aruan, 2021; Richa & Naithani, 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, including augmented and virtual
reality experiences, digital storytelling, and immersive human–computer interaction (Abdo,
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2019; Galani & Vosinakis, 2024; Mo et al., 2024; Z. Xu et al., 2025). These technologies and
big data analytics have expanded the possibilities for understanding visitor engagement
and strengthening ICH destination communication and marketing (Qiu et al., 2022). Specif-
ically, AI-driven behavioral and emotional analytics allow marketers to deeply decode
tourist perceptions and preferences, while advanced personalization and generative tools
optimize destination branding and create highly interactive cultural recommendations
and experiences (Deng, 2025; X. Hou & Paidi, 2025; Shao & Li, 2025). The digitization of
cultural heritage content and the proliferation of social media platforms have generated
substantial volumes of data that enable more systematic understanding of tourist percep-
tions, preferences, and engagement patterns (C. Y. Lin & Li, 2024). The intersection of
digital technologies and cultural heritage has created new opportunities for destination
marketing, visitor engagement, and heritage preservation. Data-driven approaches provide
heritage destinations with systematic identification of tourist sentiment, online discourse
patterns, and engagement behavior, offering empirical foundations for heritage promotion
and management decisions (Abdelhamed, 2023; Yang & Shen, 2024; Chen, 2025).

Nevertheless, digital transformation of ICH tourism should be considered not merely
as technological adoption for promotion, preservation, or management, but also as a
process that mediates the representation and interpretation of cultural meanings in digital
environments. Digital representation of ICH may not fully capture the participatory and
context-specific nature of cultural practices (Y. Hou et al., 2022; Y. Zhang, 2025). Tensions
between cultural authenticity, accessibility, and user engagement have been identified as
challenges in digital ICH tourism contexts (Y. Zhang & Lee, 2021; J. Li et al., 2024; Z. Xu
et al., 2025). This highlights the importance of examining how tourists perceive, discuss,
and engage with ICH destinations through online platforms.

2.2. User-Generated Content (UGC) and Chinese Social Media

Social media and user-generated content (UGC) exert influence through specific roles
in various stages and components of tourism decision-making, acting as need genera-
tors and supporters that inspire users to include destinations in future travel plans and
strengthen the desire to travel (Ngai et al., 2014; X. Liu et al., 2019). Social media has
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). UGC sourced from
online social media may surpass traditional marketing communications in credibility and
persuasiveness (Fotis et al., 2012; Leung et al., 2013).

The growth of tourism in China has been shaped by internet adoption, which provides
an efficient means of communicating cultural and historical heritage to prospective travelers
(J. X. Ma et al., 2003; S. N. Z. Ma & Mohame, 2023). The digital behavior of Chinese
tourists is distinctive, operating within a unique digital ecosystem in which major global
platforms are inaccessible and domestic social media platforms operate with considerable
independence (Yuan et al., 2026). Several domestic platforms dominate Chinese digital
tourism discourse. WeChat functions as an all-in-one super application combining instant
messaging, social networking, and mobile payment services. In contrast to open social
platforms, electronic word-of-mouth (eWOM) on WeChat is largely restricted to primary
social circles, as architectural privacy features encourage users to confine recommendations
to immediate personal acquaintances (Pang et al., 2021). Douyin, known internationally
as TikTok, has captured significant market share by enabling users to connect through
entertainment, lifestyle, and information sharing via short video content (Tang et al., 2021).
Xiaohongshu, also known as Rednote, has similarly gathered considerable momentum
through picture and short video content creation, sharing, and interaction (Z. Wang et al.,

https://doi.org/10.3390/tourhosp7070186

https://doi.org/10.3390/tourhosp7070186


Tour. Hosp. 2026, 7, 186 5 of 27

2022). These platforms combine social networking, content sharing, e-commerce, and travel
planning functionalities in ways that influence the information-seeking behaviors and
decision-making processes of Chinese tourists (L. Li et al., 2015; Basnyat & Jiahui, 2020).

In the context of cultural heritage tourism, studies of Chinese tourist UGC at heritage
sites consistently reveal that content emphasizes emotional responses, cultural symbols,
architectural features, and service quality, reflecting a combination of affective and cognitive
engagement with heritage destinations (W. Liu et al., 2025; Qiu & Zhang, 2021). Emotionally
expressive and authenticity-oriented UGCs more strongly influence destination image, visit
intention, and heritage preservation awareness than purely factual information (H. Xu et al.,
2021; Hua et al., 2024). Platform-specific patterns have also been identified, with Chinese
tourists tending to post detailed reviews on travel platforms and emotionally expressive
content on social media platforms such as Weibo and Xiaohongshu (Q. Yan et al., 2022; Y.
Huang, 2024). Existing studies indicate that Chinese social media platforms can enhance
the visibility of cultural destinations and facilitate the circulation of tourism experiences,
particularly for smaller or lesser-known destinations (He, 2023). However, platform-based
tourism practices may emphasize aesthetic visibility, short-term popularity, and repeated
forms of online engagement, which may limit deeper cultural interpretation of heritage
destinations (Tan, 2026). Understanding the specific characteristics and behavioral patterns
of Chinese tourists across these platforms is therefore essential for examining how ICH
destinations are perceived, represented, and discussed in Chinese digital tourism spaces.

2.3. Data Mining, UGC Analysis, and AI Technologies

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). In particular, younger-generation tourists
largely depend on digital information to support decision-making (T. 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).

Big data mining has become an important capability in tourism marketing, as large
datasets can be analyzed to predict trends and determine which marketing strategies are
effectively targeted to different segments of consumer markets (Sawant & Desai, 2015).
Artificial intelligence (AI) and machine learning further extend data mining approaches by
supporting pattern recognition, classification, clustering, and prediction in large, complex,
and unstructured datasets (Ge et al., 2017; Shu & Ye, 2022). The advancement of AI and
data mining technologies has further expanded the analytical potential of social media
big data in tourism, enabling more systematic identification of tourist behavioral patterns,
preferences, and engagement trends (Nguyen et al., 2019; Rahmani et al., 2021).

Sentiment analysis has been used to analyze large sets of UGC, including online
comments, social media posts, and consumer opinions, providing information regard-
ing tourists’ opinions and attitudes and yielding deeper insights into tourist experience
preferences and consumer perceptions (B. Liu, 2012; Balahur et al., 2013; Borrajo-Millán
et al., 2021). The analyzed sentiments shape the cognitive and affective dimensions of a
destination’s image, which directly govern tourist decision-making. Consequently, positive
and emotionally engaging sentiment translates directly into increased intentions to visit
or recommend a location (Bigne et al., 2019; Asyraff et al., 2023). Complex analytical ap-
proaches are required to capture the complexity, temporality, and heterogeneity of tourist
perceptions, given the dynamic and co-created nature of destination image in social media
environments (Choi et al., 2007; Marine-Roig & Clavé, 2015).
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The application of such analytical approaches to social media data offers DMOs practi-
cal means of understanding tourist perceptions and informing evidence-based marketing
decisions (Solazzo et al., 2021; A. Huang et al., 2022). Nevertheless, the effectiveness of
these approaches, including AI-driven analysis, depends heavily on the volume and quality
of available data, raising questions about the applicability in contexts where content is
limited or fragmented (Q. Li et al., 2019; J. Liu et al., 2023).

2.4. Lamphun as a Cultural Tourism Case Context

Lamphun is situated in the upper northern region of Thailand, approximately 25 km
south of Chiang Mai, the principal international tourism hub of northern Thailand (Figure 1).
The city is characterized by a distinctive cultural landscape rooted in Lanna heritage, with
major attractions including Haripunchai temple, Cham Thewi temple, and other historical
and religious sites. Currently, Lamphun holds seven provincial-level and two national-level
registered ICH elements, reflecting the continued presence of cultural practices. While some
ICH elements remain relatively less recognized beyond local and domestic visitors, certain
cultural elements have gained broader recognition and attract significant participation
at both local and national levels through major festivals and events, including the Loy
Krathong celebration, known as Hundred Thousand Lantern Festival, and Lamphun longan
related tourism activities (Department of Cultural Promotion in Thailand, n.d.; Tourism
Office, Lamphun City Hall, n.d.).

Figure 1. Location of Lamphun with selected registered intangible cultural heritage elements.
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Secondary and rural tourism destinations compete through a combination of infras-
tructure quality, accommodation, community support, and a range of cultural activities
and events (Lo et al., 2019). Destination competitiveness is further shaped by community
ambiance, cultural values, and natural assets that influence tourist attitudes and behavior
toward the destination (Tu et al., 2022). Despite this cultural richness, data-driven ap-
proaches to capturing tourist opinions and engagement with Lamphun remain limited,
particularly from the perspective of Chinese digital platforms.

Collectively, the preceding review highlights several interconnected gaps in the ex-
isting literature. While digital transformation has expanded the possibilities for ICH
destination marketing and visitor engagement, the application of data-driven analytics to
lesser-known heritage destinations remains limited. UGC produced by Chinese tourists
represents a distinctive and analytically valuable data source, yet existing studies have
predominantly focused on well-known destinations, leaving secondary ICH destinations
such as Lamphun relatively unexplored in Chinese digital tourism discourse. Furthermore,
no prior study has applied an integrated multi-method framework specifically to examine
how Chinese tourists perceive and engage with a lesser-known ICH destination through
Chinese digital platforms. This study addresses these gaps by analyzing Chinese-language
UGC related to Lamphun, offering empirical insights into how underrepresented cultural
heritage destinations are perceived, represented, and discussed in digital tourism spaces.

3. Materials and Methods
3.1. 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 to 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., 2026; Dai, 2023). The study follows a data mining and analytics framework
(Figure 2) using Python-based tools (version 3.14.5) and the Orange Data Mining software
(version 3.36.1) to systematically analyze UGC from WeChat, Douyin, and Rednote.

3.2. Data Collection

Social media data were collected through 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 the Chinese language equivalent to
‘Lamphun tourism,’ ‘Cultural heritage in Lamphun,’ and specific cultural elements, for
example, ‘Lamphun 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.

3.3. Data Cleansing

The collected Chinese-language content underwent data preprocessing, involving the
removal of structural noise, elimination of duplicate entries, text filtering, and exclusion of
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incomplete records. The cleaned data were subsequently structured into CSV format for
further analytical procedures.

 
Figure 2. Overview of the data mining and analytical framework employed in this study.

3.4. Data Analysis
3.4.1. Sentiment Analysis and Tourism Intention

Sentiment analysis was conducted using SnowNLP, a Python-based natural language
processing library specifically developed for Chinese-language text analysis. Sentiment
classification was performed directly on the original Chinese-language UGC, preserving
semantic integrity and reducing potential distortion associated with translation (G. Yan
et al., 2014). SnowNLP produces a probability-based sentiment score ranging from 0 to
1. Based on this scoring range, sentiment was classified into three categories: positive
(score ≥ 0.60), neutral (score 0.40–0.59), and negative (score < 0.40). Sentiment scores were
computed and classified 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 UGCs was conducted. Tourism in-
tention signals were operationalized as a binary variable, determined through a dictionary-
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assisted rule-based classification applied to the dataset (Abel & Lantow, 2019; Hamroun &
Gouider, 2020; Y. Liu & Beldona, 2021). Posts were classified as intention-driven based on
the presence of 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 that described past experiences, information, or general destination
attributes without explicit prospective travel intention were classified as non-intentional.

The tourism-intention classifier keyword set was developed through a systematic
iterative process. Initial terms were derived from prior literature related to tourism in-
tention, followed by an exploratory review of the sub-corpus to identify domain-specific
vocabulary. Destination-specific expressions relate to Lamphun, and itinerary planning
was subsequently incorporated, and exclusion rules were applied to minimize false pos-
itives. The complete keyword list, source references, and iteration log are documented
in Supplementary Materials. To validate the classifier labels, a stratified random sample
comprising 30% of the corpus across platforms and ICH categories was independently
coded by two annotators. Inter-coder reliability was assessed using Cohen’s κ. Disagree-
ments were resolved through adjudication by a third independent annotator (Dligach et al.,
2010; Bayerl & Paul, 2011). The finalized labels constituted the gold-standard reference set.
Classifier performance was evaluated against the gold-standard subset using a confusion
matrix and standard binary classification metrics.

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, with Bonferroni correction applied to adjust for
multiple comparisons. To address platform heterogeneity, chi-square tests of independence
were additionally conducted separately within each platform. Temporal stratification
was conducted using three periods, namely the pre-pandemic restriction period (posts
published before 26 March 2020), the pandemic restriction period (posts published from
26 March to 9 January 2023), and the post-pandemic re-opening period (posts published
from 10 January 2023 onwards). This stratification was used to examine the stability of the
sentiment-intention relationship across periods.

To evaluate the relationship between engagement metrics (likes, comments, favorites,
shares) and intention, non-parametric Mann–Whitney U tests were applied. All metrics
were standardized within each platform using z-scores before pooling, to account for
structural differences across different platforms. 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 platform-normalized engagement features for
tourism intention.

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

The Chinese-language cleaned textual content was translated into English using ma-
chine learning-assisted translation to support international interpretability of the thematic
clustering. The translated text was subsequently used for TF-IDF analysis. The analysis was
performed using the Orange Data Mining software. Thematic clustering 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 the discovery of thematic structure in large text corpora
without predefined categories (Jain, 2009; Kwale, 2013; Z. Li et al., 2019). K-means has
proved effective for identifying tourism themes, destination attributes, and tourist experi-
ence dimensions from social media content (Arefieva et al., 2021; Harish et al., 2023). The
optimal number of clusters was determined using the Elbow method and additional cluster

https://doi.org/10.3390/tourhosp7070186

https://doi.org/10.3390/tourhosp7070186


Tour. Hosp. 2026, 7, 186 10 of 27

validation indices. Candidate solutions from K = 2 to K = 8 were compared using the silhou-
ette score, Davies-Bouldin index, gap statistic, and bootstrap stability based on the adjusted
Rand index. The final cluster was selected by considering both statistical validation results
and thematic interpretability. The K-means algorithm was run with 100 initializations and a
fixed random seed of 42 to ensure reproducibility. High-ranking TF-IDF terms from cluster
centroids were used to characterize the thematic structure of each cluster. Cluster-level
sentiment was summarized using the proportional distribution of sentiment categories
within each cluster. Tourism intention was calculated as the proportion of intentional posts
assigned to the same cluster.

3.4.3. Data Visualization and Interpretation

Frequently occurring terms within the dataset were visualized using a word cloud,
highlighting core themes and tourist interests. Keyword prominence corresponded di-
rectly to frequency of mentions, enabling the identification of key themes and concepts
relevant to tourism practitioners and destination managers. Additionally, this visualization
assisted policymakers and tourism managers in decision-making by highlighting over-
arching themes that indicate areas of significant value or those requiring improvement
(Filatova, 2016; Dobrea et al., 2023). Principal Component Analysis (PCA) was subsequently
applied to the TF-IDF feature matrix to reduce dimensionality and visualize the K-means
clusters in two dimensions, providing a visualization of data distributions and relative
cluster positioning.

4. Results
A total of 5663 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 relevant keywords, the dataset was refined to 642 contents directly
pertaining to the research focus.

4.1. Sentiment Analysis and Tourism Intention
4.1.1. Sentiment Analysis

The results revealed significant patterns in Chinese tourists’ perceptions of Lamphun,
indicating an overall prevalence of positive sentiment, with 392 positive reviews across
all components, yielding an average sentiment score of 0.6756. The analysis also identi-
fied 115 neutral reviews and 135 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 200 positive reviews with the
lowest average sentiment score of 0.6532, along with 70 neutral and 75 negative reviews,
representing the highest proportion of negative sentiment among all categories. ‘Traditional
craftsmanship’ achieved the highest average sentiment score (0.7886), recording 15 positive,
two neutral, and two negative reviews. Overall, the 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.

ICH Elements Sentiment Classification Review Volume Average Sentiment Score

Oral traditions and expressions
Positive 42

0.7108Neutral 9
Negative 12

Performing arts
Positive 32

0.7676Neutral 5
Negative 5
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Table 1. Cont.

ICH Elements Sentiment Classification Review Volume Average Sentiment Score

Social practices, rituals, and
festival events

Positive 103
0.6729Neutral 29

Negative 41

Knowledge and practices concerning
nature and the universe

Positive 200
0.6532Neutral 70

Negative 75

Traditional craftsmanship
Positive 15

0.7886Neutral 2
Negative 2

Overall Lamphun reviews
Positive 392

0.6756Neutral 115
Negative 135

4.1.2. Validation of the Tourism-Intention Classifier

The tourism-intention classifier was evaluated using a gold-standard subset of
193 posts. Inter-coder reliability between the two independent annotators reached
κ = 0.7343, indicating substantial agreement (Landis & Koch, 1977). Following adjudi-
cation, classifier performance against the finalized gold standard labels was summarized
using a confusion matrix (Figure 3) and binary classification metrics (Table 2).

 

Figure 3. Confusion matrix comparing the rule-based tourism-intention classifier with the gold-
standard labels. Note. 0 = non-intention; 1 = Intention.

Table 2. Binary classification performance of the tourism-intention classifier.

Metric Value

Accuracy 0.803
Balanced accuracy 0.747

Precision 0.720
Recall/Sensitivity 0.600

Specificity 0.895
F1-score 0.655

Matthews correlation coefficient (MCC) 0.523
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4.1.3. Sentiment and Tourism Intention Analysis

The cross-tabulation showed that tourism intention-driven posts were unevenly dis-
tributed across three categories (Table 3).

Table 3. Cross-tabulation of sentiment category and tourism intention.

Sentiment Categories Intention-Driven Posts Non-Intention Driven Posts Intentional Rate (%)

Positive 74 318 18.88%
Neutral 12 123 8.89%

Negative 6 109 5.22%

A chi-square test of independence indicated a statistically significant association be-
tween sentiment and tourism intention (χ2 = 17.6375, p < 0.001). Pairwise Fisher’s exact
test revealed significant differences in tourism intention between positive and negative sen-
timent groups and between positive and neutral sentiment groups, whereas the differences
between the neutral and negative groups were not statistically significant. The pairwise
results are summarized in Table 4 and Figure 4.

Table 4. Fisher’s exact test for pairwise comparisons of tourism intention by sentiment category.

Sentiment Categories Odds Ratio p-Value Bonferroni-Adjusted p-Value

Positive vs. Negative 2.385 0.0066 0.0198 *
Positive vs. Neutral 4.227 0.0002 0.0006 *

Neutral vs. Negative 1.772 0.3298 0.9894
* indicates statistically significant.

Figure 4. Distribution of tourism intention post across sentiment categories with Fisher’s exact test
results (* indicates statistically significant; Bonferroni-adjusted p value < 0.05, n.s. = non-significant).
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4.1.4. Platform and Temporal Stratification of Sentiment-Intention Analysis

To account for structural differences across social media environments, the data were
stratified across three platforms: WeChat, Douyin, and Rednote. The distribution of posts
across platforms is presented in Table 5.

Table 5. Distribution of posts and tourism-intention classification by platform.

Platforms Number of Post (%) Intention-Driven
Posts

Non-Intention
Driven Posts

WeChat 463 (72.1%) 36 427
Douyin 64 (10%) 10 54
Rednote 115 (17.9%) 46 69

The platform-stratified analyses indicated that the sentiment-intention association was
not consistent across platforms. No statistically significant association was observed on
WeChat (χ2 = 1.706, p = 0.426). or Douyin (χ2 = 0.836, p = 0.658). In contrast, a statistically
significant association was retained on Rednote (χ2 = 9.523, p = 0.009).

Temporal-stratified analysis revealed variation in the sentiment-intention associa-
tion across periods. No statistically significant association was observed during the pre-
pandemic restriction period (χ2 = 2.972, p = 0.226) or the post-pandemic reopening period
(χ2 = 3.407, p = 0.182). A statistically significant association was observed during the
pandemic restriction period (χ2 = 10.981, p = 0.004).

4.1.5. Engagement Metrics and Random Forest Classification

Platform-normalized engagement metrics showed statistically significant differences
between intention-driven and non-intention posts for likes, favorites, and shares. No
statistically significant difference was observed for Comments (Table 6).

Table 6. Mann–Whitney U tests results for platform-normalized engagement metrics by tourism
intention classification.

Platform-Normalized Engagement Metric U-Statistic p-Value

Likes 29,037.5 0.019 *
Comments 26,785.0 0.254
Favorites 20,909.5 <0.001 *

Shares 22,589.0 0.037 *
* indicates statistically significant p-value < 0.05.

The Random Forest classifier achieved an overall classification accuracy of 83.9%,
a balanced accuracy of 63.4%, a Matthews correlation coefficient (MCC) of 0.291, and a
class-specific F1-score of 0.381 for the tourism-intention category, as detailed in Table 7.

Table 7. Random Forest classification performance by class.

Classification Precision Recall F1-Score Support

With intention 0.421 0.348 0.381 23
Without intention 0.894 0.920 0.907 138

Accuracy 0.839 161
Macro avg. 0.658 0.634 0.644 161

Weighted avg. 0.827 0.839 0.832 161

Random Forest feature importance scores indicated that sentiment contributed most
substantially to the classification of tourism intention, with an importance score of 0.541,
followed by platform-normalized engagement metrics and platform variables (Table 8).
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Table 8. Random Forest feature importance score for tourism intention classification.

Feature Importance

Sentiment score 0.541
Likes 0.136

Comments 0.083
Favorites 0.074

Shares 0.055
Rednote 0.052
WeChat 0.051
Douyin 0.008

4.2. TF-IDF and Tourism Theme Clustering
4.2.1. TF-IDF and Word Cloud Visualization

The TF-IDF analysis identified the most prominent terms in the translated corpus with
‘festival,’ ‘chiangmai,’ and ‘lanterns’ ranking highest by TF-IDF score (Table 9).

Table 9. Top 20 words with TF-IDF Score.

Words TF-IDF Score Words TF-IDF Score

festival 0.037 beautiful 0.017
chiangmai 0.037 food 0.015

lanterns 0.033 travel 0.014
epidemic 0.029 night 0.013

day 0.024 cafe 0.013
delicious 0.022 restaurant 0.012

pot 0.020 meat 0.012
lanterns festival 0.020 longan 0.011

times 0.019 favorite 0.011
temple 0.018 photos 0.011

The word cloud visualization, shown in Figure 5, depicted frequently occurring
keywords in Chinese tourist-generated content about Lamphun. The term ‘chiangmai’,
referring to Chiang Mai, appeared prominently in the center of the word cloud. Other
frequently mentioned terms included ‘festival,’ ‘lanterns,’ ‘temple,’ ‘travel,’ ‘cafe, ‘and ‘city.’

 

Figure 5. Word cloud visualization of translated Lamphun-related user-generated content.
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4.2.2. Tourism Themes Clustering and PCA Visualization

Validation indices across candidate solutions from K = 2 to K = 8 are presented in
Table 10. Although no single K value was optimal across all indices, the three-cluster
solution (K = 3) exhibited the highest bootstrap stability, with silhouette and gap statistic
values comparable to the highest-performing candidate solutions. Accordingly, K = 3 was
selected based on statistical validation outcomes and thematic interpretability.

Table 10. K-means cluster validation indices for candidate cluster solutions.

K Silhouette Score Davies-Bouldin Index Gap Statistic Bootstrap ARI

2 0.087 4.213 3.413 0.685
3 0.088 5.432 3.422 0.759
4 0.089 4.897 3.428 0.683
5 0.089 4.693 3.434 0.664
6 0.090 4.681 3.437 0.598
7 0.087 4.722 3.439 0.483
8 0.089 4.248 3.436 0.313

ARI = adjusted Rand index.

A total of three thematic clusters were identified, each representing a semantically
coherent group of tourist-generated content, as summarized in Table 11. Cluster 1 accounted
for the largest proportion of the corpus (n = 483) and was characterized by terms related to
local food and local lifestyle experiences, with a positive sentiment distribution of 55.3%
and the lowest within-cluster tourism intention rate across the three clusters (7.7%). Cluster
2 (n = 91) was associated with cafe culture, local cuisine, and religious-related sites, and
recorded the highest positive sentiment distribution (81.3%) and the highest within-cluster
tourism intention rate (45.1%). Cluster 3 (n = 68) was characterized by terms related to
major festivals and ritual symbolism of Lamphun, with a positive sentiment distribution of
75.0% and a within-cluster tourism intention rate of 20.6%.

Table 11. Cluster profiles by theme, keywords, sentiment distribution, and within-cluster tourism
intention rate.

Cluster Suggested Theme Keywords Sentiment
Distribution (%)

Within-Cluster Tourism
Intention Rate (%)

1
Local culinary

exploring and local
lifestyle experiences

pot, times, epidemic, meat, lantern,
photos, rice, pork, food, restaurant

Positive: 55.3%
7.7%Neutral: 22.5%

Negative: 22.2%

2
Cafe culture, local

cuisine, and
religious-related sites

chiangmai, cafe, temple, travel,
noodles, coffee, garden, longan,

experience, day

Positive: 81.3%
45.1%Neutral: 2.2%

Negative: 16.5%

3
Major festival and

ritual
symbolism

lanterns, festival, chiangmai, life,
temple, sky, daily, night, thousand,

beautiful

Positive: 75.0%
20.6%Neutral: 5.9%

Negative: 19.1%

The PCA projection illustrated the spatial distribution of the three K-means thematic
clusters in a two-dimensional component space (Figure 6). The projection visualized the
relative positioning of posts assigned to each cluster, with partial overlap among thematic
groups. Cluster 1 exhibited the widest distribution and partially overlapped with Cluster 2.
Cluster 3 appeared more peripheral in the PCA projection, with greater separation from
the remaining clusters.
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Figure 6. 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
(PC1 and PC2), with colors indicating cluster membership as determined by K-means analysis.

5. Discussion
This study applies an integrated UGC analytics framework to examine destination

perception and tourism intention among Chinese visitors to a second-tier intangible cultural
heritage destination in northern Thailand, contributing empirical evidence in the field of
digital heritage tourism research. The predominance of positive sentiment across the corpus
indicates favorable overall perceptions of Lamphun as a cultural heritage destination
among Chinese users. Among the UNESCO ICH categories, ‘Traditional craftsmanship’
recorded the highest average sentiment score, while oral traditions and performing arts
also yielded comparatively high scores despite relatively limited content volume. Digital
representation of cultural elements presents inherent communicative challenges in social
media platforms (Y. Hou et al., 2022; Y. Zhang, 2025). The limited digital visibility of these
cultural elements consequently suggests structural constraints of the platforms rather than a
lack of tourist interest. Recent cultural tourism trends are shifted toward intangible cultural
experience and meaningful cultural engagement, particularly when cultural expressions
contain visual, symbolic, and interactive aspects (Richards, 2018; J. Li et al., 2024). This
pattern suggests that targeted digital content or social media strategies could increase the
visibility of positively received but underrepresented cultural elements among Chinese
audiences (Wanju et al., 2025).

The categories of ‘Knowledge and practices concerning nature and the universe’ gen-
erated the largest amount of content, followed by ‘Social practices, rituals and festival
events’. Both categories are associated with the culinary culture and festivals, highlight-
ing their importance as vehicles for connecting tourists with the local community. This
demographic has demonstrated a strong willingness to engage with local food culture
and cultural events as part of the cultural tourism experience. This finding aligns with
studies that emphasized the role of festivals and culinary experiences in cultural tourism
engagement (Gnoth & Zins, 2011; López-Guzmán et al., 2016). The positive engagement
with festivals and culinary experiences is a key driver of cultural tourism engagement,
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leading to enhanced visitor satisfaction, loyalty, and a stronger destination image (Iswanto
& Irsyad, 2024; Chendraningrum & Suryana, 2025). However, both categories recorded
elevated proportions of negative sentiment. This finding may indicate that certain elements
of Lamphun’s cultural offerings do not fully align with Chinese tourist expectations. Dif-
ferences in gastronomic habits and culinary traditions have been identified as genuine
challenges for Chinese visitors (B. Zhang & Niyomsilp, 2020), and the availability and acces-
sibility of varied local cuisine represent important factors in shaping destination image and
overall visitor satisfaction among Chinese tourists (Satchapappichit, 2020; J. Cheng & Jiang,
2024). For DMOs, these findings suggest a concrete opportunity: targeted communication
that contextualizes Lamphun’s culinary heritage within frameworks familiar to Chinese
visitors, including comparisons with regional flavors or emphasis on widely appreciated
local dishes, could reduce perceptual distance and address negative sentiment drivers.

The analysis of tourism intention signals revealed a statistically significant association
between positive sentiment and travel intention. The present findings support prior
research indicating that a positive destination image strongly influences intention to visit or
recommend (Afshardoost & Eshaghi, 2020), and favorable emotional evaluations strengthen
attitudes and subsequently increase the likelihood of the intended action (Lam & Hsu,
2005; Kiatkawsin & Han, 2017). However, the platform-stratified analysis revealed that the
sentiment-intention association was statistically significant on Rednote, but not on other
platforms. This platform-specific pattern reflects the distinct communicative functions
of each platform within the Chinese digital ecosystem. Rednote operates as a lifestyle
discovery and travel inspiration platform where positive sentiment appears to be more
directly associated with travel consideration. Platform’s recommendations directly guide
consumption behavior, and users frequently develop specific travel tendencies based on
curated content (J. Liu, 2024; Zou et al., 2025). These findings provide quantitative evidence
that Rednote represents a particularly high-value channel for DMOs seeking to convert
positive digital engagement into travel intention among Chinese audiences interested in
cultural heritage destinations. The temporal stratification revealed significant variations in
sentiment-intention patterns across different time periods, with the pandemic restriction
period showing particular statistical significance. This suggests that positive destination-
related content may reflect deferred travel interest and future travel aspiration. Travel
restrictions have been shown to 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; Y. Zhang et al., 2021; J. Wang & Xia, 2021). The continued
digital engagement with Lamphun’s cultural heritage during travel restrictions suggests
that the destination retained a meaningful presence in digital aspirations of Chinese visitors,
highlighting the role of digital platforms in maintaining destination awareness during the
period of low actual visitation.

Platform-normalized likes, favorites, and shares showed significant differences be-
tween intention and non-intention posts, indicating that interactive engagement amplifies
both the reach and persuasive value of user-generated content. 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). High
engagement signals authenticity and trustworthiness, making content more persuasive and
more likely to influence travel attitudes and behaviors (Mathur et al., 2021; Konak, 2024),
and interactive digital responses have been identified as mediators between exposure to
tourism content and decision-making (Cheung et al., 2021). The Random Forest model
indicated that sentiment score was the most important predictor of tourism intention,
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followed by platform-normalized engagement metrics and platform variables. Predictive
analytics studies have reported that models integrating affective and engagement variables
demonstrated superior accuracy in forecasting travel intentions compared to sentiment-
only approaches (Y. Li et al., 2022). The present results extend this finding to the specific
context of Chinese-language UGC. However, engagement indicators should be interpreted
with caution. Active engagement behavior has not been shown to significantly impact desti-
nation advocacy or visit intention (Tri et al., 2023), and subjective or unstructured variables
such as comments tend to exhibit lower predictive consistency due to the heterogeneous
content, including questions, clarifications, or criticisms that do not necessarily indicate
travel intention (Hagenauer & Helbich, 2017; L. Cheng et al., 2018). Similarly, sharing
behavior is driven by a complex and inconsistent set of motivational factors that limit
predictive power (Tsekouropoulos, 2019). The model results suggest that machine learning
approaches can be used to explore relationships among affective expressions, engagement
features, and tourism-intention signals in social media data, offering an exploratory an-
alytical complement to survey-based methods (M. S. Lin et al., 2021; N. Li et al., 2025).
For Lamphun, these findings suggest that destination communication should prioritize
positively framed cultural heritage content, while engagement metrics should be used as
supplementary indicators for monitoring audience response and potential travel interest.

The TF-IDF and clustering results demonstrated that Lamphun’s digital destination
image is multidimensional, encompassing cultural festivals, religious heritage, culinary
experiences, and contemporary lifestyle activities. The prominent co-occurrence of “chiang-
mai” indicates that many Chinese visitors perceive Lamphun as part of a broader regional
itinerary centered on Chiang Mai rather than as an independent destination. Tourism statis-
tics confirm substantially higher international visitation rates to Chiang Mai (Ministry of
Tourism and Sports, 2023), and this perceived association points toward the potential value
of collaborative regional destination marketing strategies in which DMOs from Lamphun
and Chiang Mai develop coordinated content campaigns that leverage the established ap-
peal of Chiang Mai to drive secondary visitation to Lamphun. Tourists seeking alternative
experiences beyond heavily visited centers may venture into second-tier cities owing to
distinctive cultural attractions, local food, culture, and more affordable prices (Fakfare
et al., 2020). However, the benefits of this spillover effect are not uniform; destinations
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
capitalize on this dynamic.

The thematic clustering revealed three distinct clusters that reflect the interplay be-
tween cultural specificity, experiential diversity, and temporal context in shaping desti-
nation perception among Chinese tourists. Clusters 1, centered on culinary experiences
and lifestyle exploring, accounted for the largest share of the corpus and recorded the
lowest tourism-intention rate. This pattern suggests that everyday cultural content gen-
erated broad digital visibility, although such visibility did not necessarily translate into
explicit travel intention. In contrast, Cluster 2, combining cafe exploring, local cuisine,
and religious-related sites, recorded both the highest positive sentiment distribution and
the highest tourism-intention rate. This reflects the growing interest of Chinese tourists
in contemporary leisure experiences, suggesting that Lamphun’s appeal extends beyond
traditional heritage tourism into lifestyle-oriented activities. 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 inte-
grating cultural exploration with leisure pursuits. This trend also indicates a diversification
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of travel motivations beyond traditional sightseeing (Hu & Chen, 2023). Cluster 3 was
defined by festival-centered narratives, particularly centered on the festival, temple ritu-
als, and lantern symbolism. 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 sym-
bolism, and opportunities for cultural participation associated with the festival experience
significantly enhance the memorability of heritage encounters, ultimately strengthening
behavioral intention among visitors (S. Ye et al., 2025). Consistent with W. 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 re-
ligious heritage sites. Collectively, these cluster-level findings offer DMOs a prioritized
content framework, festival and ritual-driven narratives should anchor digital campaigns
targeting Chinese audiences, with hybrid heritage—lifestyle content serving as a secondary
engagement layer to broaden appeal and maximize tourism-intention conversion.

6. Conclusions
6.1. Summary of Findings

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, tourism-intention classification, and thematic trends. The findings
revealed a predominance of positive sentiment toward Lamphun’s cultural offerings,
indicating a favorable perception of cultural tourism resources, with the highest proportion
of negative sentiment in ‘Knowledge and practices concerning nature and the universe’,
indicating that culinary-related expectations among Chinese visitors present the most
significant area for destination improvement.

Positive sentiment significantly associated with tourism-intention signal posts with
sentiment score emerged as the strongest predictor of tourism intention in the Random
Forest classification model, and platform-normalized engagement metrics served as supple-
mentary predictors. Platform-stratified analysis demonstrated that the sentiment-intention
relationship was significant, specifically on Rednote, confirming the platform’s distinctive
role as a travel inspiration and decision-influencing channel for Chinese tourists. Tem-
poral stratification further revealed that the sentiment-intention association was most
pronounced during the pandemic restriction period, consistent with compensatory travel
motivation behaviors.

Three thematic clusters were identified, encompassing culinary and lifestyle experi-
ences, hybrid cafe-culture and religious-site content, and festival and ritual symbolism.
‘Cafe exploration and religious-related site’ cluster achieved the highest positive sentiment
distribution and tourism-intention rate. Cluster 1 reflected everyday culinary and lifestyle
exploration and generated the broadest digital reach but the lowest tourism-intention rate.
Cluster 2, combining cafe culture, local cuisine, and religious-related sites, produced the
highest positive sentiment distribution and the highest tourism-intention rate. Cluster 3,
centered on festival and ritual symbolism, demonstrated strong affective engagement and a
notably higher tourism-intention rate than the culinary lifestyle cluster. Collectively, these
findings indicate that festival-centered and hybrid heritage—lifestyle content represent the
most strategically valuable content categories for driving Chinese tourist engagement and
travel consideration toward Lamphun.

6.2. Theoretical Implications

This study makes several contributions to the theoretical literature on digital heritage
tourism and UGC analytics. First, the findings advance the understanding of destination
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image formation in the context of lesser-known ICH destinations, demonstrating that the
digital image of Lamphun among Chinese tourists is multidimensional and co-constructed
across experiential themes encompassing cultural festivals, religious heritage, culinary
traditions, and contemporary lifestyle activities. This extends prior work on destination
image formation through social media by applying this framework to a secondary, under-
represented heritage context with low baseline digital visibility.

Second, the study contributes to the growing body of research on Chinese digital
tourism behavior by providing platform-differentiated empirical evidence of the sentiment-
intention relationship across WeChat, Douyin, and Rednote. The platform-specific findings
reinforce the theoretical position that distinct digital ecosystems mediate tourism decision-
making in structurally different ways and extend this argument by demonstrating that the
strength of the sentiment-intention association varies significantly by platform type.

Third, the integrated multi-method framework combining sentiment analysis, rule-
based tourism intention classification, Random Forest modeling, TF-IDF analysis, and
K-means clustering offers a methodological contribution to tourism analytics research.
The framework demonstrates that analytical approaches combining affective, behavioral,
and thematic dimensions of UGC provide richer and more actionable insights than single-
method approaches and that this integrated approach is feasible and informative even in
data-limited contexts characteristic of lesser-known destinations.

6.3. Managerial Implications

The findings carry concrete implications for DMOs and cultural heritage managers
responsible for promoting Lamphun as a tourism destination. The integration of contempo-
rary cafe culture and local cuisine narratives with religious-related site content should be
considered as co-branding strategies that present Lamphun as a culturally immersive yet
lifestyle-compatible destination, particularly targeting younger Chinese travelers whose
preferences reflect a diversification of travel motivations beyond traditional sightseeing.
As culinary culture represents the most discussed category, DMOs should develop coor-
dinated, visually rich campaign materials oriented around these events and distribute
proactively. In this context of Chinese visitors and Lamphun, Rednote should be priori-
tized as the primary channel for destination content seeding and influencer partnerships,
while WeChat and Douyin serve complementary functions in awareness-building and
community engagement.

The strong co-occurrence of Chiang Mai indicates that Chinese tourists currently
perceive Lamphun primarily as a secondary stop within a Chiang Mai-centered itinerary.
DMOs in Lamphun should therefore pursue collaborative regional marketing arrange-
ments with Chiang Mai counterparts, developing joint content and itinerary packages
that leverage the established pull of Chiang Mai to drive purposeful secondary visitation
to Lamphun. This positioning strategy is more practically achievable than repositioning
Lamphun as an independent primary destination in the short term.

6.4. Limitations and Future Research

Several limitations of this study should be acknowledged. First, the dataset was
confined to three Chinese social media platforms between 2019 and 2023, with post volume
concentrated disproportionately in the pandemic restriction years and on WeChat. Conse-
quently, the findings should be interpreted with caution, given this uneven temporal and
platform distribution. Second, although the rule-based tourism intention classifier was vali-
dated through inter-coder reliability assessment and comparison against a gold standard
subset, it achieved a recall of 0.600 for the intention class, meaning a meaningful share of
intention-bearing posts may not have been captured. Third, this study focused exclusively
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on Chinese tourists. While this specificity was theoretically motivated by the distinctive
characteristics of the Chinese digital ecosystem, it constrains the generalizability of the
findings to other international visitor segments. Finally, machine translation tools were
used to convert Chinese text into English for the TF IDF and thematic clustering analyses.
Although this supports accessibility for an international readership, translation-induced
semantic shifts cannot be fully excluded.

Future studies should incorporate comparative analyses across international tourist
segments to provide a more comprehensive understanding of destination perception and
engagement at Lamphun and other underrepresented destinations. This framework could
also be extended to other underrepresented ICH destinations, enabling cross-destination
comparison and supporting the development of a generalized UGC analytics model for
secondary cultural heritage tourism marketing. Finally, integrating generative AI tools for
automated content strategy recommendations based on UGC analytics outputs represents
a particularly promising avenue for bridging empirical research and actionable destination
management organization (DMO) practice.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/tourhosp7070186/s1, Table S1: Methodological mapping of
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