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Abstract: Natural attractions are among Thailand’s most important tourism 

resources, drawing a large number of international tourists and contributing 

substantially to national revenue. However, persistent issues such as 

overcrowding, pollution, and declining environmental quality remain critical 

challenges for sustainable management. In the digital era, online reviews on 

travel platforms strongly influence destination choice, providing a rich source of 

behavioral insights. This study applies sentiment analysis to 124,066 

TripAdvisor reviews of natural attractions across all 77 provinces of Thailand, 

collected between 2014 and 2023. The reviews were processed using text mining 

techniques—data cleansing, tokenization, lemmatization, and stop-word 

removal—and analyzed with the Pysentimiento model, a BERT-based deep 

learning framework, achieving an overall accuracy of 76% and a precision of 87% 
on the validation dataset in distinguishing positive, negative, and neutral 

sentiments. Beyond thematic analysis, this research employs Kernel Density 

Estimation (KDE) to visualize the geographical concentration of dissatisfaction. 

Results indicate that beaches and islands received the most negative reviews, 

with recurring issues related to cleanliness, pollution, overcrowding, and 

unregulated commercial activities. The KDE analysis further reveals that 

negative sentiment intensity is highly concentrated in specific coastal hotspots 

(e.g., Phuket, Krabi, and Pattaya). This study contributes methodologically by 

demonstrating the integrated effectiveness of large-scale sentiment analysis and 

spatial mapping in tourism research, effectively addressing the implementation 

gap, providing actionable, precision-based insights for the National Tourism 

Development Plan (2023–2027). The findings support policymakers and 

stakeholders in formulating strategies that align with the BCG (Bio-Circular-

Green) economic model and balance economic growth with sustainable 

environmental management by enabling location-specific resource allocation.  
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1. Introduction 

The tourism industry is a vital pillar of the Thai economy, contributing approximately 17.79% of the 

country’s GDP [1] and generating substantial employment. Thailand's appeal to international tourists stems 

from its rich resources, encompassing both diverse natural attractions—such as renowned beaches, 

mountains, and waterfalls—and captivating historical and cultural sites [2]. Natural attractions, in particular, 

remain key points of interest, drawing large numbers of international tourists and offering a wide range of 

activities such as trekking and snorkeling [2-4]. The digital landscape has fundamentally changed how tourists 

research and share experiences. Today, online media is the primary channel for travel information, with 

60.54% of international visitors using platforms such as Instagram, Facebook, and TikTok [5-7]. Among these, 

TripAdvisor stands out as the world’s largest and most utilized source for sharing and accessing travel reviews 

[8]. Among these, TripAdvisor remains a critical source of electronic word of mouth (e-WOM), providing 

valuable, real-time data that reflects tourist behavior and satisfaction [8]. While platforms like Google Reviews 

and Booking.com have gained prominence, TripAdvisor’s structured review system for specific natural 

landmarks remains a gold standard for longitudinal tourism research [9, 10]. The proliferation of this user-

generated content presents a significant opportunity for tourism research [11, 12]. 

Analyzing this massive volume of textual data requires sophisticated techniques, such as Sentiment 

Analysis (or opinion mining), a key component of Natural Language Processing (NLP) [13-15]. Sentiment 

analysis, particularly when conducted with advanced deep learning models such as BERT-based architectures, 

including the Pysentimiento framework used in this study [16, 17], is highly effective for big data. Unlike 

traditional Lexicon-based approaches or earlier Recurrent Neural Networks (RNNs), BERT-based models 

utilize bidirectional transformers to capture the context of words in tourism reviews, effectively handling 

linguistic nuances such as sarcasm or multi-word descriptors of environmental quality [18]. This methodology 

allows stakeholders—including entrepreneurs and policymakers—to gain deep insights into tourist 

satisfaction, identify complex behaviors, and understand which specific aspects influence decision-making 

[19, 20]. Positive reviews can guide enhancement strategies, while negative feedback directly informs 

necessary improvements in quality, services, and infrastructure [21]. 

However, despite Thailand’s success in attracting large numbers of tourists, persistent challenges 

remain, including the deterioration of natural resources, infrastructure limitations, and concerns about 

sustainability [1]. These challenges are currently being addressed through the National Tourism Development 

Plan (2023–2027) [4], which increasingly incorporates the Bio-Circular-Green (BCG) economy model as a 

supplementary strategic framework to enhance resource efficiency and environmental resilience [22]. Prior 

research has widely applied sentiment analysis to tourism reviews globally, including studies on hotels and 

general attractions using TripAdvisor data [23-25]. Within Southeast Asia, studies have begun leveraging e-

WOM to evaluate destination sustainability in countries such as Indonesia [26, 27]; however, much of the 

existing literature in Thailand remains focused on general sentiment or specific local contexts, without a 

national-level spatial perspective [28, 29]. A critical gap remains: most existing Thai studies lack an in-depth, 

aspect-based sentiment analysis that identifies localized issues—such as cleanliness, crowds, or 

conservation—that concern international tourists at natural attractions [7, 30]. 

This research aims to address the identified gap by conducting an in-depth, aspect-based sentiment 

analysis of international tourist reviews regarding natural attractions in Thailand collected over ten years 

(2014–2023). Utilizing high-accuracy deep learning techniques, the study is structured around three primary 

objectives: (1) assess the sentiment towards these attractions: to quantitatively evaluate the distribution of 

positive, neutral, and negative perceptions across various natural attraction types, (2) identify specific issues 

and emotional keywords: to qualitatively extract thematic concerns related to cleanliness, crowds, and 

conservation through N-Gram analysis, and (3) map the geographical concentration of dissatisfaction: to 

visualize spatial sentiment hotspots using Kernel Density Estimation (KDE) to pinpoint localized management 

crises. The findings will provide actionable, detailed insights for relevant government agencies and tourism 

stakeholders, enabling them to make targeted improvements to resource management, service quality, and 

future development plans more effectively and efficiently. 
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The remainder of this paper is structured as follows: Section 2 outlines the Materials and Methods; 

Section 3 presents the Results and Discussion; and Section 4 provides the Conclusion. 

2. Materials and Methods 
2.1 Study Area and Data Collection 

 This study focuses on natural attractions across all 77 provinces of Thailand (Figure 1). Data was 

systematically collected from TripAdvisor over a decade (2014-2023). Attractions were categorized into 17 

distinct types based on the Natural Tourist Attraction Quality Assessment Manual [31]. These types include: 

Beach, Botanical Garden, Cave, Forest Park, Fossil, Island, Lookout & Scenic Walking Area, Mangrove Forest, 

Mountain & Hill, Nature & Wildlife Area, Rapid, Special Geography & Topography, Special Plant & Wildlife, 

Thermal Spring, Water Resource, and Waterfall. 

 Web scraping was performed using a Python-based pipeline [32] to extract 124,066 international 

tourist reviews. Selenium [33] was specifically utilized to navigate dynamic JavaScript-rendered content and 

manage automated pagination, while BeautifulSoup [34] was employed to parse and extract specific HTML 

elements from the loaded pages. The extracted data was then structured and cleaned using the Pandas library 

[35] before being stored in CSV format. To ensure research integrity, the scraping process adhered to ethical 

data acquisition standards. This included strictly collecting only publicly available review content, regulating 

request frequencies to comply with TripAdvisor’s robot.txt directives, and ensuring alignment with the 

platform’s Terms of Service regarding non-commercial, academic data usage. 

 The collected data encompassed the attraction's name, type, date, title, content, and location. 

Regarding categorization, attractions were manually assigned to the 17 types by the researchers, cross-

referencing TripAdvisor’s location data with the official definitions in the Quality Assessment Manual [31] to 

ensure thematic accuracy.  

2.2 Sentiment Analysis Framework and Data Preprocessing 

 The research follows a three-stage text mining framework: (1) Data Collection and Preprocessing, (2) 

Sentiment Analysis, and (3) Issue Identification (Figure 2). Reviews were rigorously preprocessed [36]. Since 

the study aims to capture the perspectives of international tourists using the Pysentimiento English-language 

model, only English-language reviews were included in the final dataset. Reviews in other languages were 

excluded during the initial filtering phase to avoid translation inaccuracies; however, this targeted language 

focus is further addressed and discussed in the subsequent recommendations section of this paper. 

 The cleaning involved converting text to lowercase, removing irrelevant components (URLs, 

punctuation, symbols, and special characters) [37], and selectively removing stop words [38]. Following 

standard NLP practices, the text was first tokenized into individual word IDs [39]. These tokens were then 

lemmatized to reduce words to their base forms (e.g., "beaches" to "beach") [36], ensuring that morphological 

variation did not skew the frequency analysis. 

2.3 Deep Learning Model Selection and Analysis 

 The study used deep learning models for sentiment analysis due to their superior performance on 

large, redundant social media datasets [16, 17]. 

 2.3.1 Model Selection 

 Before final implementation, multiple robust deep learning models were comparatively analyzed to 

ensure optimal accuracy, including RoBERTa-base [40], XLM-roBERTa-base [41], DistilBERT-base [42], and 

BERT [43], as well as a lexicon-based model (VADER) [44]. The Pysentimiento model, a Python toolkit based 

on BERT architecture [45], was ultimately selected for its superior capability and proven high performance in 

sentiment analysis tasks on social media data. While RoBERTa-base showed a slightly higher overall accuracy, 

Pysentimiento demonstrated the highest Precision (0.87), as shown in Table 1. This high precision is 

particularly critical for this study, as it ensures that the negative sentiments—the primary focus for identifying 

tourist dissatisfaction and management hotspots—are identified with the greatest reliability, minimizing false 

positives. The model classifies reviews into three categories: positive (e.g., "best bay"), negative (e.g., "dirty 
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water"), or neutral (e.g., "ordinary tourist place"). Optimal performance was achieved through hyperparameter 

fine-tuning, including the Number of Epochs (3, 4, 5), Batch Size (32), and Learning Rate (2e–5 to 1e–4) [43, 45]. 

 

 
Figure 1. Study Area Map: Natural Attractions in All 77 Provinces of Thailand 

 

Figure 2. Sentiment Analysis Framework 

Table 1. Comparative Performance of Sentiment Analysis Models 

Model Precision Recall F1-Score Accuracy 

RoBERTa-base 0.83 0.69 0.76 0.78 

XLM-roBERTa-base 0.60 0.87 0.71 0.70 

DistilBERT base 0.68 0.82 0.75 0.73 

BERT 0.78 0.60 0.68 0.70 

Pysentimiento 0.87 0.65 0.74 0.76 

VADER 0.77 0.83 0.51 0.68 
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 2.3.2 Model Evaluation 

 The Pysentimiento model was evaluated using a specific TripAdvisor dataset of 4,509 expert-labeled 

reviews, comprising 2,642 positive, 575 neutral, and 1,292 negative samples (80% for training, 10% for testing, 

and 10% for evaluation). To ensure the quality of the ground truth data, these reviews were independently 

manually annotated by three researchers with expertise in tourism management and linguistics. Each review 

was categorized as positive, negative, or neutral based on explicit sentiment indicators. To validate the 

consistency of this manual labeling, Cohen’s Kappa (K) was calculated to evaluate inter-rater agreement while 

accounting for chance. The calculation follows the formula: 

𝐾 =
𝑝𝑜−𝑝𝑒

1−𝑝𝑒
      (1) 

 where po represents the relative observed agreement, and pe is the hypothetical probability of chance 

agreement. In this evaluation, the researchers achieved an observed agreement (po) of 0.91 (representing 

consensus on 4,103 reviews). Given the distribution of the categories, the probability of chance agreement (pe) 

was calculated at 0.50, resulting in a final Kappa coefficient of 0.82. According to Landis and Koch [46], this 

"almost perfect agreement" confirms the high reliability of the ground truth dataset. 

 The model's performance was rigorously assessed against three key criteria: pre-trained English-

language classification, hyperparameter fine-tuning, and fairness assessment [45, 47]. Model performance was 

then assessed using a Confusion Matrix (Table 2), a statistical tool that analyzes the correlation between 

predicted and actual outcomes [27]. 

Table 2. The Confusion Matrix used to Verify Pysentimiento Analysis 

Actual / Prediction Positive Neutral Negative 

Positive a b c 

Neutral d e f 

Negative g h i 

 

 The overall model efficacy was calculated using standard metrics derived from the Confusion Matrix: 

Precision (P), Recall (R), F1-Score (F1), and Accuracy (A). The equations for these metrics are as follows: 

𝑃(𝑛𝑒𝑔)  =
𝑖

(𝑐+𝑓+𝑖)
      (2) 

𝑅(𝑛𝑒𝑔)  =
𝑖

(𝑔+ℎ+𝑖)
      (3) 

𝐹1(𝑛𝑒𝑔)  =
2𝑃(𝑛𝑒𝑔)𝑥𝑅(𝑛𝑒𝑔)

𝑃(𝑛𝑒𝑔)+𝑅(𝑛𝑒𝑔)
      (4) 

𝐴 =
𝑎+𝑒+𝑖

𝑎+𝑏+𝑐+𝑑+𝑒+𝑓+𝑔+ℎ+𝑖
      (5) 

2.4 Identifying Issues 

 Issues were identified through qualitative content analysis on the sentiment results using the Natural 

Language Toolkit (NLTK) [48]. While the primary focus of this study is to identify management crises through 

negative sentiment, a comparative N-Gram analysis was also applied to positive reviews to provide a balanced 

overview of destination strengths, aligning with the principles of Aspect-Based Sentiment Analysis (ABSA). 

These insights are specifically integrated into the policy recommendations to ensure that future management 

strategies not only resolve existing problems but also leverage and sustain Thailand's competitive advantages 

in its natural attractions. 

 Word Frequency Analysis: Counting word frequency to identify the top 30 most recurring tokens over 

the decade. 
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 N-Gram Analysis: Determining the co-occurrence of contiguous words (Uni-Gram through Quart-

Gram) to identify specific problems associated with each of the 17 attraction types (Figure 3). The researchers 

acknowledge that for certain categories with lower review volumes (e.g., Botanical Gardens or Mangrove 

Forests), the extracted N-Grams may yield more generic descriptors. These instances are explicitly noted in 

the results to distinguish them from the data-rich insights in high-volume categories such as Beaches and 

Islands. Thematic Categorization: Extracted keywords were grouped into broader themes (e.g., 

Environmental, Service, and Accessibility). To ensure the reliability of this inductive coding process, the 

thematic mapping was cross-validated by three independent researchers, following the same inter-rater 

reliability protocol used in the sentiment validation phase to minimize subjective bias. This methodology 

enables stakeholders to classify negative reviews by specific, recurrent issues, thereby supporting prioritized 

problem resolution in tourism and environmental policy [49]. 

 

Figure 3. N-Gram Analysis 

2.5 Spatial Analysis: Kernel Density Estimation (KDE) 

To provide actionable spatial insights for tourism management, the geographic distribution of 

negative sentiments was analyzed using Kernel Density Estimation (KDE). KDE is a non-parametric spatial 

analysis method used to estimate the probability density function of point data, effectively transforming 

discrete points (the locations of attractions with negative reviews) into a continuous surface that illustrates the 

spatial concentration (hotspots) of events [50, 51]. The estimated density at any location x is calculated as: 
 

     𝑓(𝑥) =
1

𝑛ℎ2
∑ 𝐾𝑛

𝑖=1 (
𝑥−𝑥𝑖

ℎ
)      (6) 

 

 Where:  𝑓(𝑥)  is the estimated density, n is the number of negative review observations, h is the 

bandwidth (smoothing parameter), K is the kernel function, and xi represents the location of each negative review. 

 The input data comprised the complete set of negative reviews, with the review count for each 

attraction serving as the Population Field (weight). This ensures that high-volume attractions contribute 

proportionally to the density surface. While this weighting reflects actual intensity, the researchers 

acknowledge that the inherent density of data in high-traffic areas (e.g., popular beaches) naturally dominates 

the KDE surface compared to niche sites (e.g., fossil sites). This inherent data characteristic is addressed in the 

limitations and interpreted within the context of destination popularity. The KDE was executed using Python’s 

SciPy [52] and Scikit-learn [53] libraries. A critical parameter in KDE is the bandwidth (h). In this study, a 0.5-

kilometer bandwidth was strategically selected to identify "hyper-local" hotspots. This fine-scale resolution is 

essential for distinguishing between specific management crises within adjacent but distinct tourist zones, 

such as different beach segments or neighboring national park entrances. However, to address the broader 

national-level policy perspective and ensure spatial robustness, a sensitivity analysis was conducted by 

comparing the 0.5 km setting against wider bandwidths (5 km, 25 km, and 50 km) as recommended in spatial 

tourism research. The 0.5 km setting provided the highest precision for localized intervention, while the larger 

bandwidths offered a generalized view of regional trends. 
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 Furthermore, to ensure comparative clarity across regions, the final density maps (Figure 5) use a 

standardized continuous scale with absolute numerical density values rather than a simple relative gradient. 

This allows for the direct comparison of negative sentiment intensity across different provinces. 

3. Results and Discussion 
3.1 Understanding Sentiment and Annual Trends 

Reviews from international tourists regarding natural attractions across all 77 provinces of Thailand 

were collected from the TripAdvisor platform, yielding a substantial total of 124,066 reviews. This volume of 

data serves as a valuable proxy for understanding real-world tourism trends [15, 54].  

 3.1.1 Annual Trend and Contextual Shifts 

The analysis of the dataset's temporal distribution reveals significant shifts in tourist behavior towards 

sharing experiences online [9]. Figure 4 illustrates the annual trend, showing that the number of reviews 

peaked in 2016 before declining markedly toward the end of 2019. This decline is directly correlated with the 

global impact of the COVID-19 pandemic [55], which led to a significant decrease in arrivals. While the volume 

decreased during 2020–2023, the core concerns regarding environmental quality remained consistent with pre-

pandemic patterns, though health-related sentiments saw a temporary increase. 
 

 

Figure 4. Number of Reviews from International Tourists of Natural Attractions in Thailand from TripAdvisor 

 3.1.2 Sentiment Analysis Performance and Overall Distribution 

 The sentiment analysis of the 124,066 reviews was performed using the Pysentimiento deep learning 

model [43, 45]. The model was prioritized for its high Precision (0.87), ensuring that negative sentiments—the 

primary focus for crisis identification—were identified with 87% reliability [17, 56, 57]. The overall sentiment 

distribution is strongly positive, with 91,145 positive reviews (73.47%), 17,883 neutral reviews (14.41%), and 

15,038 negative reviews (12.12%). This predominant positivity is consistent with a general positive bias in 

online reviews. Table 3 presents an in-depth aspect-based sentiment analysis categorized by the 17 attraction 

types. The results show that while overall satisfaction is high, certain attraction types (such as Beach and 

Island) receive the vast majority of reviews, highlighting where positive perceptions are most concentrated, 

reflecting Thailand’s world-renowned natural splendor. 
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Table 3. The Results of Sentiment Analysis of Natural Attractions Types in Thailand 

Types Positive Neutral Negative Total % 

 Number % Number % Number % reviews  

Beach 53,414 72.63 9,737 13.24 10,394 14.13 73,545 59.28 

Botanical Garden 75 78.13 17 17.71 4 4.17 96 0.08 

Cave 1,900 68.03 648 23.20 245 8.77 2,793 2.25 

Forest Park 112 78.32 21 14.69 10 6.99 143 0.12 

Fossil 10 71.43 4 28.57 - - 14 0.01 

Island 15,162 73.77 2,944 14.32 2,446 11.90 20,552 16.56 

Lookout & Scenic 

Walking Area 

23 85.19 4 14.81 - - 27 0.02 

Mangrove Forest 99 78.57 21 16.67 6 4.76 126 0.10 

Mountain & Hill 9,204 80.97 1,608 14.15 555 4.88 11,367 9.16 

Nature & Wildlife Area - 0.00 1 100.00 - - 1 0.01 

Rapid 138 75.41 32 17.49 13 7.10 183 0.15 

Special Geography & 

Topography 

2,518 70.39 704 19.68 355 9.92 3,577 2.88 

Special Plant & Wildlife 93 76.86 27 22.31 1 0.83 121 0.10 

Thermal Spring 1,073 66.07 308 18.97 243 14.96 1,624 1.31 

Water Resource 2,525 71.11 771 21.71 255 7.18 3,551 2.86 

Waterfall 4,799 75.62 1,036 16.33 511 8.05 6,346 5.12 

Total 91,145  17,883  15,038  124,066  

%  73.47  14.41  12.12  100.00 

3.2 Identifying Core Issues through Content 

 While overall sentiment is positive, a deeper analysis of negative reviews is crucial for identifying 

areas requiring improvement [58, 59]. In alignment with the study's objective to analyze international tourist 

perspectives, English-language reviews were specifically selected as the primary data source. As the most 

widely used language for global communication on TripAdvisor, these reviews provide a consistent and 

representative dataset for evaluating how a diverse international audience perceives Thailand’s natural 

attractions. This focus ensures that the resulting management insights and policy recommendations directly 

address the expectations and experiences of the global travel market. 

 3.2.1 N-Gram Analysis and Specific Issues 

 Issue identification focused on negative reviews using Word Frequency and N-Gram Analysis (Uni-

Gram through Quart-Gram) via NLTK [48]. Table 4 highlights the most frequently mentioned keywords. For 

high-volume categories like Beaches and Islands, the N-Grams yield specific actionable insights (e.g., "dirty," 

"rip prices"). For niche categories with fewer reviews (e.g., Botanical Garden), the results show more generic 

terms (e.g., "walk," "place"), which are noted as preliminary indicators due to the smaller sample size. 

 3.2.2 Thematic Categorization of Dissatisfaction 

 The N-Gram analysis provided critical insights by systematically categorizing tourist dissatisfaction 

into three main groups: Environmental & Maintenance, Service & Facility, and Accessibility & Infrastructure 

(Table 5). To ensure the reliability of this inductive coding, the mapping was cross-validated by three 

independent researchers to minimize subjective bias. 
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Table 4. The Results of N-Gram Analysis of Natural Attractions Types in Thailand 

Types The highest number of mentions in the N-Gram analysis 

Beach dirty, rubbish, not clean, many people, would not recommend, people trying to 

sell stuff 

Botanical Garden go, place, walk 

Cave people, crowded, climb, entrance, dark, tourist trap, waste time, not worth it, do 

not speak English 

Forest Park plastic, roads, fee, place, walk, car, 10 min fill 

Island crowded, snorkeling, not worth it, long tail boats, 400 baht per person, rip prices 

captive market 

Mangrove Forest place, walkway, walk, road, disappointed, entrance, drive, restaurant, 

information 

Mountain & Hill pay, people, walk, tourist, climb, drive, not worth, entrance fee, tourist trap 

Rapid price, drive, trail, walk, steep, entrance, restaurant, fee 30 baht 

Special Geography & 

Topography 

nothing, tourist, people, parking, walk, shop, stall, tricky, tourist trap, not worth 

Special Plant & Wildlife tree, spoilt, lame, stall 

Thermal Spring people, pay, entrance fee, tourist, dirty overall, 300 baht entry, would not 

recommend 

Water Resource tourist, dirty, tricky, tourist trap, long tail boats, not much to see, total waste of 

time and money 

Waterfall walk, people, pay, small, swim, climb, no water, dry season, fee 300 baht 

Environmental & Maintenance Issues: Keywords such as "dirty," "rubbish," and "plastic" highlight 

critical problems related to cleanliness and pollution (common at Beach and Water Resource destinations). 

Problems of Overcrowding & Overuse ("crowded," "many people") indicate recurring management issues, 

consistent with challenges identified in Thailand’s National Tourism Development Plan [4]. Furthermore, 

Natural Condition issues, such as "no water" during the dry season (common at Waterfalls), underscore the 

need for better management of tourist expectations regarding seasonal factors. Service & Facility Issues: 

Negative sentiments concerning Worthiness ("not worth," "waste time," "rip prices") and High costs/fees (e.g., 

"300 baht entry") are primary indicators of a mismatch between tourist expectations and the actual quality 

received. These issues are most commonly reported in paid attractions (e.g., Cave, Mountain & Hill, Thermal 

Spring). Challenges related to the overall Travel Experience ("tourist trap," "not speak English") highlight the 

need to enhance service-provider quality. Accessibility & Infrastructure Issues: Keywords related to Access & 

Transport ("road," "long tail boats," "climb") found across various natural attractions indicate that overly 

challenging routes and inadequate transportation systems diminish the travel experience. Similarly, issues 

with Amenities ("walkway," "dark," "restaurant") are pressing micro-level problems requiring urgent improvement. 
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Table 5. The Results of All Levels in N-Gram Analysis of Natural Attractions Types in Thailand 

Main Issues Sub-Issues Keywords Types 

Environmental 

& Maintenance 

Cleanliness & 

Pollution 

dirty, rubbish, plastic, 

water not clean, dirty 

overall, not worth it 

Beach, Forest Park, Thermal Spring, 

and Water Resource 

 Crowding & 

Overuse 

people, crowded, tourist 

trap, many people 

Beach, Cave, Island, Mountain & 

Hill, Special Geography & 

Topography, and Water Resource 

 Natural Condition no water, dry season, 

nothing to see, not much 

to see, nothing special 

Cave, Special Geography & 

Topography, Special Plant & 

Wildlife, and Waterfall 

Service & 

Facility 

Worthiness not worth, waste time, not 

worth time, money, rip 

prices, not worth the trip 

Cave, Island, Special Geography & 

Topography, Thermal Spring, 

Water Resource, and Waterfall 

 High costs/fees price, fee, entrance fee, 

pay, 300 baht per person 

Forest Park, Mountain & Hill, 

Rapid, Thermal Spring, and 

Waterfall 

 Travel Experience tourist trap, would not 

recommend, people trying 

to sell stuff, do not speak 

English 

Beach, Cave, Island, Mountain & 

Hill, Special Geography & 

Topography, and Water Resource 

Accessibility & 

Infrastructure 

Access & 

Transport 

road, way, walk, drive, 

climb, long tail boats, 

speed boat 

Botanical Garden, Cave, Island, 

Forest Park, Mangrove Forest, 

Mountain & Hill, Water Resource, 

and Waterfall 

 Amenities place, walkway, dark, 

restaurant, shop, stall 

Botanical Garden, Cave, Mangrove 

Forest, Rapid, Special Plant & 

Wildlife, Special Geography & 

Topography, and Thermal Spring 

3.3 Spatial Visualization and Priority Recommendations 

 Following issue identification, Kernel Density Estimation (KDE) was performed on 15,038 negative 

reviews to visualize spatial clustering. 

 3.3.1 Spatial Analysis of Negative Sentiment Hotspots 

 A bandwidth (h) of 0.5 km was utilized to capture "hyper-local" clustering patterns. This precision is 

essential for site-specific management, despite larger bandwidths (5–50 km) being common for regional 

overviews. The resulting density map, presented in Figure 5, incorporates a numerical density scale 

(Reviews/km2) to allow direct quantitative comparison between hotspots. Figure 5 reveals that the highest 

density is concentrated in Phuket (Patong, Kata, Karon), Krabi (Phi Phi, Ao Nang), Chonburi (Pattaya, Ko 

Larn), and Surat Thani (Koh Samui, Koh Phangan). This concentration provides location-specific validation of 

high-priority issues such as cleanliness and overcrowding. 
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Figure 5. Kernel Density Map of Negative Reviews in Thailand 

 3.3.2 Prioritized Policy Recommendations 

 Based on empirical evidence from sentiment and N-Gram analyses, and supported by spatial 

validation from the KDE analysis, this study categorizes the identified problems into three priority levels. 

These recommendations directly support the Department of Tourism's Action Plan (2023–2027), specifically 

by integrating the BCG model to transition Thailand toward high-value, sustainable tourism. However, our 

empirical findings reveal a critical implementation gap: while the national plan aims for 'High Value' tourism, 

the recurring N-Grams of 'tourist traps' and 'dirty' environments in high-density KDE hotspots indicate that 

local management still struggles to align with these national strategic goals. This study provides the necessary 

spatial precision to bridge this gap by identifying exactly where national policies fail to translate into positive 

tourist experiences. 

 (1) High Priority Issues: Immediate Crisis Management 

 These issues have a direct, immediate impact on tourist perceptions and require urgent intervention 

to prevent long-term reputational damage: 

 Cleanliness and Environmental Quality: Geographically validated by KDE hotspots in Phuket, Krabi, 

and Chonburi. This requires strict enforcement of waste management regulations consistent with Circular 

Economy principles to mitigate the impact of 'rubbish' and 'plastic' on natural capital (e.g., MNRE, DNP). 

Resources should be specifically diverted to high-density negative sentiment zones identified in Figure 5. 

Value for Money: Beyond simple pricing standards, this study suggests a need for optimized pricing strategies 

based on tourists' "Willingness to Pay" (WTP) for premium natural capital. High entry fees (e.g., 300-400 Baht) 

must be justified by visible improvements in facility quality and service transparency (e.g., TAT, DNP). A 

mismatch here, as shown in the "not worth it" N-Grams, indicates that current pricing exceeds perceived value, 

necessitating a more dynamic or value-added pricing model. 

 (2) Medium Priority Issues: Strategic Adjustments 

 These issues act as barriers to sustainable development and require coordinated cross-agency 

planning. Overcrowding and Carrying Capacity: Since overcrowding is a primary driver of KDE hotspots, we 

propose a "Spatial Dispersion Strategy." Using the KDE results, authorities should redirect tourist traffic from 

"Saturated Hotspots" (e.g., Phi Phi, Patong) toward identified "Potential Alternative Destinations"—areas with 

high-quality natural resources but low negative sentiment density (e.g., secondary coastal zones in Trang or 

Satun). This aligns with the TAT’s mission to promote secondary cities. Information and Communication: To 
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manage expectations regarding seasonal factors (e.g., "no water" at waterfalls), a multi-language digital 

platform (MOTS, TAT) should provide real-time updates on site conditions, reducing dissatisfaction caused 

by misinformation. 

 (3) Long-term Priority Issues: Structural and Infrastructure Development 

 These structural issues require long-term investment to ensure the resiliency of Thailand’s tourism 

sector. Infrastructure and Accessibility: Plans must prioritize improving transportation routes (DOH, DRR) 

and supporting local entrepreneurs. Strategic infrastructure investment should focus on enhancing access to 

non-hotspot areas to naturally facilitate tourism dispersion and reduce the environmental load on currently 

saturated zones. Attraction Quality and Resource Restoration: Long-term environmental restoration plans (MNRE) 

must be synchronized with seasonal attraction closures. This ensures that natural capital is sustained in accordance 

with the BCG (Bio-Circular-Green) economic model promoted in the National Tourism Development Plan. 

4. Conclusions 
 This study successfully integrated Transformer-based Deep Learning with spatial analytics to provide 

a high-precision diagnostic of Thailand’s natural tourism sector. The findings offer a robust framework for 

transitioning from generalized national policies to evidence-based, localized interventions. 

4.1 Methodological Contributions 

 Validated Sentiment Precision: The application of the Pysentimiento (BERT-based) model demonstrated 

superior performance in capturing the linguistic nuances of 124,066 international reviews. The model’s 

reliability was supported by an inter-rater agreement (Cohen’s Kappa) of 0.82, indicating "almost perfect 

agreement" in the ground-truth data used for validation. Spatial Specificity: By utilizing Kernel Density 

Estimation (KDE) with a 0.5 km bandwidth, this research moved beyond traditional statistical summaries to 

identify "hyper-local" hotspots of dissatisfaction. This spatial precision allows stakeholders to pinpoint specific 

management crises within adjacent but distinct tourist zones. 

4.2 Core Empirical Findings 

 Thematic Clusters of Dissatisfaction: Through N-Gram analysis, the study categorized the drivers of 

negative sentiment into three primary pillars: Environmental & Maintenance (e.g., "dirty," "rubbish"), Service 

& Facility (e.g., "tourist trap," "not worth"), and Accessibility & Infrastructure (e.g., "road," "long-tail boat 

fees"). Geographic Vulnerability: The highest concentration of negative sentiment is critically localized in 

major coastal hubs—Phuket, Krabi, Chonburi, and Surat Thani. The intensity of issues in these zones 

(quantified in Reviews/km²) highlights a significant "Implementation Gap" where local management struggles 

to keep pace with the high volume of international arrivals. 

4.3 Strategic Policy Recommendations 

 The study proposes a three-tier priority framework aligned with the Department of Tourism's Action 

Plan (2023-2027). High Priority (Immediate): Urgent waste management and Value-for-Money optimization 

(aligning pricing with "Willingness to Pay") are required in the identified KDE hotspots to protect Thailand’s 

international reputation. Medium Priority (Strategic): Implementing Spatial Dispersion Strategies to redirect traffic 

from saturated hotspots to potential alternative destinations (e.g., secondary coastal cities) with low negative 

sentiment density. Long-term (Structural): Synchronizing resource restoration with the BCG (Bio-Circular-Green) 

economic model to ensure the long-term resiliency and sustainability of Thailand’s natural tourism assets. 

4.4 Limitations and Future Directions 

 Language and Platform Scope: This study strategically focused on English-language reviews on 

TripAdvisor as a proxy for the global international market. While representative of a significant segment, 

future research should incorporate multi-lingual data (e.g., Chinese or East Asian platforms) to capture a more 

holistic view of diverse cultural expectations. Temporal Dynamics: While the analysis accounts for the COVID-19 

disruption, ongoing monitoring is essential to evaluate if post-pandemic expectations regarding environmental 

standards and value-for-money have undergone a permanent shift. Analytical Rigor: Future studies could 
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benefit from multi-scale KDE analysis to compare local micro-hotspots with broader regional trends, further 

refining the granularity of national tourism planning. 
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