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Managing tourism sustainability effectively requires identifying specific localized risks,
which remains a significant challenge for many destinations. This research aims to
identify priority hotspots of unsustainability in marine and beach tourism destinations in
Eastern Thailand by employing geospatial analysis and tourist-perceived data to support
targeted policy decisions. Drawing from 11,047 geotagged Tripadvisor reviews as a
primary data source, the methodology commenced with processing these reviews using a
high-precision transformer-based (BERT) sentiment analysis model, achieving 87%
precision in the negative class. This was followed by N-gram analysis to extract specific
problem phrases, which were used to construct the Destination Sustainability Index (DSI)
across three main dimensions: Environmental (DSIEnv), Congestion/Access (DSIAcc),
and Service/Value (DSISrv). The DSI was then subjected to hotspot analysis (Getis-Ord
Gi*) to confirm the statistical significance of spatial clustering. Results confirm that
Environmental problems (rubbish/dirty) and Congestion/Access issues (crowded, boat)
are the most frequent concerns. The analysis clearly demonstrated that tourism
dissatisfaction is not randomly distributed but localized in statistically significant spatial
locations. Priority hotspots showing overlapping risks in Chonburi Province require
immediate intervention, while the successful management of the Koh Kood cluster offers
a blueprint for sustainable development.

HIGHLIGHTS

This study develops the Destination Sustainability Index (DSI) using tourist dissatisfaction data from 11, 047negative online reviews.
Hotspot analysis (Gi*) was then employed to map spatial risks. Key findings confirm that the highest risk hotspots overlap in
Congestion/Access and Service/Value dimensions within the Chonburi cluster (Koh Larn, Si Racha). These areas require urgent
structural investment and the implementation of Carrying Capacity limits. Conversely, the Koh Kood cluster (Trat) is the most robust
coldspot across multiple dimensions and should be established as the best practice model. The research demonstrates the effectiveness
of using tourist dissatisfaction data for DSI and Gi" in precise policy prioritization.

1. INTRODUCTION

As a cornerstone of Thailand’s economy,
tourism contributes approximately 17% to the national
GDP (MOTS, 2023), with marine and beach
attractions in the Eastern region remaining primary
destinations (TAT, 2024). However, this tourism-
driven economic growth has triggered rapid
environmental deterioration, including increased
waste generation, pollution, and congestion (MOTS,
2023), issues now exacerbated by global climate

change (TAT, 2024). Implementing sustainable
resource management is thus an urgent necessity
aligned with Thailand's National Strategy (MOTS,
2023), requiring empirical evidence for targeted
policy decisions.

In the digital era (Cui and He, 2019),
TripAdvisor reviews (Jeacle and Carter, 2011) serve
as high-volume Big Data reflecting authentic tourist
perspectives (Li et al., 2017; Alfred et al., 2023).
Integrating sentiment analysis of these reviews
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(Valdivia et al., 2017) with geospatial techniques
(Jabalameli et al.,, 2022) enables a deeper
understanding of destination dynamics. While most
previous studies have focused primarily on positive
indicators, (Singgalen et al., 2024; Charfaoui and
Mussard, 2024) this approach often overlooks the
granular, spatial manifestations of systemic failure
(Gadekar, 2024). Therefore, a significant research gap
exists in utilizing negative sentiments to map spatial
problem density through advance language models
like BERT (Yuan, 2024; Xi et al., 2024).

Consequently, this research employs N-gram
analysis (Ojo et al., 2021) and a novel Destination
Sustainability Index (DSI) derived from geo-locatable
negative feedback to identify and map “Priority
Hotspots.” This methodology aims to categorize
problems into Environmental, Congestion/Access,
and Service/Value dimensions, providing empirical
geospatial evidence for government agencies to
prioritize resource restoration and management
interventions.

2. METHODOLOGY
2.1 Study area

Focusing on the coastal and marine attractions
of Eastern Thailand, this study encompasses the
strategic ~ provinces of  Chonburi, Rayong,
Chanthaburi, and Trat (Figure 1). This region serves
as a pivotal economic engine for the national tourism
sector, primarily driven by intensive maritime and
beach-based activities (MOTS, 2023). However, the
high volume of tourism has exerted substantial
pressure on fragile ecosystems (Baltranaite et al.,
2025), evidenced by resource degradation from
uncontrolled tourism expansion (ONEP, 2024),
critical marine waste challenges (Abirami, 2024), and
arrivals that frequently exceed carrying capacity limits
(Yusoh et al., 2021). Consequently, this area provides
a representative case study for applying geospatial
analysis to identify spatial problem density and assess
marine resource degradation under high-intensity
tourism pressure.
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Figure 1. Study area and distribution of marine and beach attractions in Eastern Thailand

2.2 Data collection and preprocessing

2.2.1 Data source and scope

International tourist reviews of marine and
beach attractions in Eastern Thailand were retrieved
from TripAdvisor (Valdivia et al., 2017) spanning a
ten-year period from 2014 to 2023. The dataset

includes 11,047 reviews categorized as BEACH and
ISLAND attractions (DOT, 2018). Data acquisition
was performed through web scraping using Python,
specifically leveraging the BeautifulSoup, Pandas, and
Selenium libraries (Muthukadan, 2024).
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2.2.2 Text cleaning and normalization

The raw review data underwent a systematic
multi-step cleaning process to isolate essential features
for sentiment analysis (Ramadhani et al., 2021). This
included converting text to lowercase and removing
punctuation, URLS, numbers, and special characters.
Stop words were eliminated; however, negation terms
such as “no” and “not” were retained to maintain the
contextual integrity of negative sentiments. Finally,
lemmatization was applied to reduce words to their
lexical base forms before tokenizing the text into
individual lexical unit (Chakriswaran et al., 2019).

2.3 Deep learning-based sentiment analysis and
feature extraction

2.3.1 Deep learning model for sentiment
classification

This study utilized the Pysentimiento
framework (Pérez et al., 2024), which is built upon the
BERT (Bidirectional Encoder Representations from
Transformers) architecture (Devlin et al., 2019).
BERT was selected for its bidirectional contextual
learning architecture (Yuan, 2024), which allows the
model to capture nuances in tourist language—such as
sarcasm or complex negations—more effectively than
traditional lexicon-based approaches VADER.

2.3.2 Model evaluation and validation

Performance  was validated through
hyperparameter fine-tuning and systematic error
checks to mitigate classification bias (Devlin et al.,
2019). Evaluation metrics derived from the confusion
matrix (Table 1) included precision (P), recall (R), F1-
score, and overall accuracy (A) (Pleerux et al., 2023).
Specific focus was placed on the precision of the
negative class to ensure the reliability of the dataset for
subsequent geospatial analysis (Equation 1-4).

Table 1. Confusion matrix for sentiment model validation

Actual/prediction Positive Neutral Negative
Positive a b c
Neutral d e f
Negative g h i
P(neg) = g &
N(neg) = s @

2P(neg) x R(neg)

Fl(neg) = P(neg) + R(neg)

®)

ate+i

A = orcrdrerfrgehei *)
2.3.3 N-gram for specific problem identification
To identify the precise nature of tourist
dissatisfaction, word frequency analysis was
conducted using the NLTK library (Bird et al., 2009).
This study employed N-gram techniques (ranging
from unigram to four-gram models) to determine the
frequency of adjacent word sequences, specifically
targeting phrases that reflect environmental and
service-related impacts on marine and beach resources
(Singgalen et al., 2024). The extracted N-grams were
systematically categorized into three principal
dimensions: Environmental (Pen), Congestion/Access
(Pacc), and Service/Value (Psy), providing a structured
dataset for geospatial planning and intervention.

2.4 Destination Sustainability Index (DSI) and
hotspot analysis

2.4.1 Destination Sustainability Index (DSI)

The Destination Sustainability Index (DSI) is a
composite index developed specifically for this study
as a novel diagnostic tool, extending the core concept
of the Tourist Satisfaction Index (TSI) (Gadekar,
2024). The DSI serves as a quantitative measure of
geospatial sustainability risk based on the analysis of
tourist dissatisfaction factors (Sari and Lestari, 2021)
linked to physical and spatial management failures. It
is constructed using the negative N-gram phrases
extracted from reviews as input data (Ojo et al., 2021).
The DSI calculation involves three steps:

(1) Creating the Binary Flag (BFp): The
process begins by calculating the Problem Density
Ratio (Rp,) for each dimension (p), which is the
proportion of negative reviews mentioning problem p
(Np,i) relative to the total number of reviews (T;).

Rp; =24 (%)

(2) Defining the structural issue threshold: A
problem density threshold of 5% was established
based on the frequency distribution analysis of
negative sentiments in large-scale social media
datasets (Yuan, 2024). This operational decision is
crucial to identify structural issues that require urgent
policy intervention, ensuring that only recurring
problems—rather than isolated incidents—are
captured. The Rpi must exceed this level
(corresponding to 5 out of every 100 reviews) for a
problem dimension to be deemed structural. The
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Binary Flag (BF;,) thus measures the appearance or
non-appearance of the structural problem at
destination i, assigned a value of 1 if Ry >5% and 0
otherwise.

_ (1ifRp; <5% 6
BFpi =10ifR,; < 5% ©)

(3) DSI Calculation: The DSl value is
calculated from the summation of the BF; across the
three main problem dimensions (M=3: DSlgw, DSlacc,
and DSlsw). The index is structured as a normalization
scale where a value close to 1.00 indicates high
sustainability (low problem occurrence), and a value
close to 0.00 indicates low sustainability (high
problem occurrence) (adapted from Gadekar, 2024).

M .
DSI; = 1 — 2120t %

Where; DSI; is the Destination Sustainability
Index for destination i; ZpM=1 BFj, ; is the summation
of the Binary Flag (with values 0 or 1) across the three
dimensions; and M represents the total number of
problem dimensions, which is a constant value equal
to 3.

2.4.2 Geospatial Hotspot mapping

To ensure the accurate and statistically
significant identification of problem clusters, this
research employs the hotspot analysis technique
utilizing the G statistic (Getis and Ord, 1992). The
DSI; values derived from Equation (7) serve as the
input variable (x;), representing the attribute intensity
analyzed at each location j. The spatial relationship is
defined through a spatial weight matrix (wi;), and the
Gi" statistic assesses spatial clustering patterns as
follow:

TiL, wijx—X Ik, wij

2
([P C)

n-1

G = (®)

Where; Gi* is the Gi* statistic value for
destination i; x; is the DSI; value (input variable); wi;
is the spatial weight matrix value; n is the total number
of destinations; X is the mean of all DSI values; and S
is the standard deviation of all DSI values.

The Gi* statistic generates a Z-Score and p-
value to determine the significance of spatial
associations. In this framework, a statistically

significant negative Z-score (Z<-1.65 for 90%
confidence level) indicates a spatial clustering of low
DSl values (approaching 0.00), signifying a high
sustainability risk (hotspot) characterized by high
problem density. Conversely, a significant positive Z-
score denotes a clustering of high DSI values
(approaching 1.00), indicating high sustainability
(coldspot). The resulting hotspot maps provide
empirical geospatial evidence (Zhu and Newsam,
2024) for identifying critical zones within the
Environmental, Congestion/Access, and Service/
Value dimensions. By differentiating significant
hotspots by attraction type (BEACH and ISLAND),
this approach maintains robust statistical power while
offering precise evidence for targeted policy
interventions and resource management (Singgalen et
al., 2024).

2.5 Research framework and implementation

The research framework is designed as a
sequential integration of deep learning and geospatial
analysis to address tourism sustainability (Figure 2).
The implementation commences with the collection
and systematic pre-processing of geotagged reviews,
followed by deep sentiment classification using the
Pysentimiento model. Building upon the identified
negative sentiments, N-gram analysis is employed for
specific problem extraction, which serves as the
fundamental input for calculating the Destination
Sustainability Index (DSI) via the Binary Flag method.
These indices are subsequently processed through
geospatial Hotspot analysis using the Getis-Ord G
statistic within a GIS environment (e.g., ArcGIS Pro
or QGIS) to generate statistically significant problem
maps. Finally, these spatial results are synthesized to
formulate actionable sustainable tourism policies
tailored for marine and beach attractions in Eastern
Thailand. This integrated workflow ensures that
complex textual data is effectively transformed into
precise geospatial evidence for sustainability

management.
Sentiment Problem
Analysis Identification

TripAdvisor Data Collection
Reviews & Preprocessing

Sustainable Hotspot/ Destination Sustainability Index
Tourism Policies Coldspot Map (DST)

Figure 2. Integrated framework combining deep learning and
geospatial analysis
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3. RESULTS AND DISCUSSION
3.1 Sentiment analysis and model validation

3.1.1 Model performance and classification

The evaluation of the Pysentimiento model
(BERT architecture) demonstrates robust
classification performance, particularly within the
negative class, which is central to this study. The
model achieved a high precision value of 87%,
confirming its reliability in accurately identifying
reviews that contain specific dissatisfaction and
management issues in the present study. While the
overall classification accuracy was recorded at 0.76
due to the linguistic complexity of neutral sentiments,
the high precision for the negative class (0.87) ensures
that the subsequent geospatial analysis is based on
highly reliable dissatisfaction data, minimizing false-
positive errors in risk identification (Table 2).

Table 2. Performance metrics of deep learning sentiment model

From the total dataset of 11,047 reviews, the
model classified 64.92% (7,172 reviews) as Positive,
16.52% (1,825 reviews) as Neutral, and 18.56%
(2,050 reviews) as Negative. This distribution
indicates that while the majority of tourists expressed
satisfaction, nearly one-fifth of the digital feedback
reflected structural or environmental concerns.
Consequently, these 2,050 negative reviews were
isolated to serve as the primary dataset for the
subsequent N-gram feature extraction and Destination
Sustainability Index (DSI) calculation. By focusing
exclusively on this high-precision negative subset, the
analysis ensures that the identified sustainability
hotspots are derived from validated tourist
dissatisfaction data, thereby enhancing the sensitivity
of the DSI in detecting localized management failures.

Actual/prediction Positive Neutral Negative Recall F1-score Total
Positive 235 27 3 0.89 0.86 265
Neutral 29 33 8 0.47 0.42 70
Negative 15 26 75 0.66 0.74 116
Precision 0.84 0.38 0.87

Accuracy 0.76 451

3.1.2 Spatial distribution of negative reviews

The visual concentration of negative feedback
is illustrated in Figure 3, revealing a distinct clustering
around high-density tourist hubs. Dissatisfaction is
most prominent in the urbanized coastal zones near
Pattaya City in Chonburi Province, as well as major
marine destinations in Rayong and Trat Provinces.
This initial spatial screening serves as the baseline for
identifying potential risk locations. By providing a
broad overview of dissatisfaction density, this
distribution justifies the transition to the Destination
Sustainability Index (DSI) calculation and subsequent
hotspot analysis to confirm the statistical significance
of these emerging patterns. Specifically, this visual
density provides the necessary context for the Getis-
Ord Gi* analysis, ensuring that identified hotspots
reflect true spatial dependencies rather than isolated
incidents of negative feedback.

3.2 Specific problem identification and Destination
Sustainability Index (DSI)

3.21 N-gram analysis
categorization

The N-gram analysis successfully isolated
specific dissatisfaction clusters, confirming that while

and  problem

complaints are diverse, Environmental (Pgn) and
Congestion/Access (Pacc) issues are the most
prominent concerns (Table 3). Environmental
concerns are the most frequent, with 50% of the top 10
terms directly related to waste and hygiene (e.g.,
plastic, rubbish, dirty). This highlights waste
management failures as a primary disruptor of the
tourist experience. Similarly, Congestion/Access
issues—consistently reflected through terms like
“poat” and  “crowded”—emerge as  major
dissatisfaction drivers. Although Service/Value (Psn)
issues (e.g., “restaurant”, “expensive”) appear less
frequently, they indicate underlying concerns
regarding service quality and pricing. All extracted
phrases were systematically categorized (Table 3) to
serve as the functional foundation for calculating the
Binary Flag (BFp,) and the subsequent DSI.

3.2.2 Destination Sustainability Index (DSI)
overview

The Destination Sustainability Index (DSI)
provides a quantitative synthesis of sustainability risks
across 45 beaches and 12 islands (Table 4). Calculated
via the Binary Flag (BF,,) method Equation (7), the
results indicate that ISLAND attractions possess a
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higher average sustainability level (0.47) compared to
BEACH attractions (0.40). Despite this relative
difference, both categories remain significantly below

the ideal threshold, confirming that nearly all
investigated sites face at least one structural problem
dimension exceeding the 5% density threshold.
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Figure 3. Spatial distribution of negative reviews

Table 3. Categorization of problem related N-grams and definition problem types (P)

Problem categories (P) Description

High-frequency N-gram example

Environmental (Penv)

Physical quality and sustainability
(waste, pollution, cleanliness)

plastic, rubbish, dirty, garbage, trash, bottle, filthy,
litter, smell, polluted

Congestion/access (Pacc)
capacity, traffic

Space management, transport

tourist, boat, crowded, road, noisy, street, busy, jetski,
taxi, bike

Service/value (Psw)
unsafe/unfair

Service quality, price, feeling

restaurant, resort, hotel, vendor, shop, charge,
expensive, staff, dog, police

Table 4. Average DSI values by problem dimension and attraction type

Type of attractions DSloverall (%)

DSlenv (%)

DSlacc (%) DSlsw (%)

BEACH 0.40 0.40
ISLAND 0.47 0.58

0.38 0.42
0.42 0.42

Dimension-specific analysis reveals critical
structural profiles: Environmental quality (DSlen)
serves as a comparative strength for the ISLAND
group (0.58), suggesting that over half of these
destinations remain free from structural environmental
crises. Conversely, the BEACH group exhibits severe
structural weakness in this dimension (0.40),
reflecting widespread ecological degradation. The

most acute risk identified is Congestion/Access
(DSlacc) forthe BEACH group (0.38), the lowest value
in the dataset, which underscores the extreme
vulnerability of easily accessible coastal mainland
sites. Meanwhile, service/value (DSlsw) risks appear
uniform across both groups (0.42), indicating a
systemic challenge in service quality management that
transcends attraction types.
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3.3 Geospatial
implication

The application of Getis-Ord Gi* statistics
transforms numerical DSloveran results into empirical
geospatial evidence, pinpointing locations where
sustainability risks are significantly clustered (Figure
4). The analysis confirms that these risks are not
randomly distributed but exhibit a distinct spatial
spectrum, ranging from high-sustainability clusters
(coldspots) at 95%-99% confidence to emerging risk
areas (hotspots) at 90% confidence (Table 5).

The strongest coldspot (99% confidence,
p<0.01) was identified at Ao Phrao (Island, Trat),
where a perfect DSloveran Of 1.00 was recorded. This
cluster serves as a statistically significant “best
practice management model,” demonstrating effective
problem control across all dimensions. Primary
coldspots at 95% confidence were also observed
across the beach group in Trat Province (average DSI
0.67), suggesting a regional trend of higher
sustainability in the easternmost coastal zone.
Conversely, a significant emerging hotspot (90%

Hotspot mapping and policy

confidence) was detected near the Chonburi coastline,
specifically encompassing Koh Si Chang and Koh Loi.
These areas exhibit low DSI scores (0.00 to 0.67),
indicating pervasive and dense sustainability
challenges. From a policy perspective, this 90%
confidence cluster requires immediate intervention
and monitoring to prevent its escalation into a high-
confidence sustainability crisis.

Notably, the majority of investigated
destinations (e.g., Koh Kham, Chao Lao Beach, Wong
Amat Beach) were categorized as not significant
(Gi_Bin=0). Although some sites within this group
reported low DSloveran values (e.g., Koh Larn, Ao
Wai), their dissatisfaction is not statistically clustered
in a holistic sense. This suggests that while Koh Larn
faces significant local challenges—particularly in
service quality as detailed later—these issues do not
yet constitute a regional-scale spatial contagion in the
overall sustainability index. These “localized
problems” suggest site-specific issues resolvable
through internal management, rather than requiring
broader regional-scale policy interventions.
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Figure 4. Geospatial hotspot analysis of overall sustainability (DSloverai)

3.4 Dimension-specific geospatial risk assessment

To provide granular insights for policy
formulation, hotspot analysis was disaggregated into
three core sustainability dimensions: Environment
(Penv), (Pacc), and Service (Psw).

3.4.1. Environmental sustainability (DSlen)

Results for Peny reveal a unique spatial pattern
where no statistically significant clusters were
detected (Gi_Bin=0 for all locations). While sites like
Pattaya and Koh Samed reported low local DSlenw
(0.00), these remained localized issues without
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systematic spatial contagion. However, an “emerging
risk” was identified in the Koh Samed -cluster
(Gi_Zscore =~ -1.599, p = 0.10), categorized as the
highest watchlist area. This finding highlights the

Table 5. Overall hotspot/coldspot summery (DSloveran)

DSVI’s capability as an early warning tool, identifying
forming clusters of degradation before they reach
critical statistical significance (Figure 5, Table 6).

Cluster type Confidence (Gi_Bin)

Cluster area

Strategic policy implication

Strongest coldspot 99% (Gi_Bin=+3)

Ao Phrao Beach
(Trat)

Management model: Replicate this “best
practice” for high-value sustainability.

Primary coldspot

95% (Gi_Bin=+2)

Trat Beaches group
(Avg. DSI: 0.67)

Standard support: Maintain high
sustainability in coastal beach zones.

Emerging hotspot

90% (Gi_Bin=-1)

Koh Si Chang, Koh
Loi (Chonburi)

Urgent watchlist: Immediate intervention

required to prevent risk escalation.

Not significant

p>0.10 (0) (Gi_Bin=0)

Most destinations

Localized management: Address site-
specific issues via internal measures.

Table 6. Summary of dimension-specific hotspot/coldspot analysis and management strategies

Problem dimension (P) Cluster type Confidence level

Primary locations

Strategic policy implication

Environmental (Penv) Emerging risk

Approaching 90%

Koh Samed group

Highest watchlist: Implement early-

(Z=-1.60) (Rayong) warning waste management and
proactive pollution control.

Not significant ~ p>0.10 Most destinations Maintain localized environmental
standards; no regional contagion
detected.

Congestion/access (Pacc)  Strongest 99% Ao Phrao (Trat) Management model: High-quality
coldspot (Gi_Bin=+3) infrastructure; replicate this "low-
density" model elsewhere.

Primary 95% Koh Si Chang, Koh  High crisis: Severe utility/transport

hotspot (Gi_Bin=-2) Loi (Chonburi); deficits. Requires urgent structural

White Sand Beach investment and capacity limits.
(Trat)

Significant 90% Chao Lao Beach Sustainable access: Promote effective

coldspot (Gi_Bin=+1) (Chanthaburi) traffic and facility management as a
secondary model.

Service/value (Psr) Primary 95% Wonnapha and Systemic failure: Critical service
hotspot (Gi_Bin=-2) Wong Amat Beach  quality/safety risks. Enforce strict
(Chonburi) operator regulations and quality audits.

Primary 95% Ao Phrao (Trat) Premium zone: Exceptional service

coldspot (Gi_Bin=+2) standards. Designate as a benchmark for
high-value tourism.

Significant 90% Koh Larn and Koh  Risk area: Rapid growth outpaces quality

hotspot (Gi_Bin=-1) Si Chang clusters control. Urgent need for operator

certification and service upgrades.

3.4.2 Congestion/access sustainability (DSlacc)

Spatial clustering for Pacc exhibits a sharp
contrast between high-sustainability coldspots in Trat
and high-risk hotspots in Chonburi (Figure 6, Table 6).
The strongest coldspot (99% confidence) at Ao Phrao
(Koh Kood) confirms that its infrastructure
management serves as an ultimate best-practice
model. Conversely, the upper Chonburi cluster (Koh
Si Chang and Koh Loi) and the White Sand Beach
(Trat) were identified as significant hotspots (95%

confidence). These areas suffer from structural
congestion where tourist volumes far exceed existing
utility and transport capacities, requiring urgent
infrastructure reinvestment.

3.4.3 Service/value sustainability (DSlsn)

Analysis of Psy indicates systemic service-
related failures clustered in high-density zones (Figure
7, Table 6). Significant hotspots (95% confidence) at
Wonnapha and Wong Amat beaches signify recurring
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issues in vendor quality and safety management. In  hotspots in areas undergoing rapid growth, such as
contrast, the Koh Kood group maintained its statusas ~ Koh Larn, suggests that service quality control often
a model zone (95% coldspot), emphasizing quality-  lags behind mass-transit expansion, necessitating
over-quantity development. The identification of Psy,  stricter operator regulations.
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Figure 6. Geospatial hotspot analysis of Congestion/Access sustainability (DSlacc)
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Figure 7. Geospatial hotspot analysis of service/value sustainability (DSlsr)

3.5 Synthesis of geospatial risks and strategic policy

implications
Based on the multi-dimensional hotspot
analysis, the sustainability profile of Eastern

Thailand’s marine attractions can be synthesized into
three strategic management domains:

(1) Critical intervention zones (priority
hotspots): The Chonburi cluster (specifically Pattaya,
Koh Si Chang, and Koh Loi) is identified as the
highest priority area due to simultaneous Hotspot
clustering in DSla and DSlsy dimensions. This
overlap signifies a “complex structural crisis” where
rapid, unmanaged growth has outpaced infrastructure
capacity and service quality. While Koh Larn
demonstrates high-density localized risks in the
service dimension, the statistical Gi* analysis
prioritizes the Chonburi mainland and near-shore
islands for regional-scale intervention. Urgent policy
intervention is required, specifically focusing on
strategic infrastructure investment—upgrading piers
and waste systems while establishing rigid carrying
capacity ceilings and tourism management fees to
mitigate congestion.

(2) Model preservation zones (structural
strengths): The Koh Kood cluster (Trat Province)
consistently exhibits coldspot clustering, serving as
the region’s best practice management model. Policies
for this zone must shift from development to
preservation and scaling. By designating these areas as

“premium sustainable zones,” the government can
provide incentives to operators while utilizing their
low-density, high-quality management blueprint as a
benchmark for other emerging destinations.

(3) Risk-based resource allocation: The Gi_Bin
results provide an empirical foundation for optimized
budget distribution. Locations categorized as
significant hotspots (Gi_Bin<-2) should be prioritized
for structural budget allocation to rectify utility and
transport deficits. Conversely, significant coldspots
(Gi_Bin>+2) should receive funding for sustainability
maintenance and “quality-focused” marketing. For not
significant areas with local issues, decentralized
management is recommended to resolve site-specific
problems  without requiring regional-scale
intervention.

4. CONCLUSION

This research successfully established a robust
geospatial methodology for identifying “priority
hotspots” of unsustainability in Eastern Thailand’s
marine destinations. By integrating a fine-tuned
transformer-based BERT model (Pysentimiento) with
the novel Destination Sustainability Index (DSI) and
Getis-Ord G statistics, this study transformed 11,047
tourist reviews into empirical geospatial evidence. The
model’s high precision (87%) in classifying negative
sentiments ensured that the 5% density threshold
effectively isolated structural problems from localized
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noise, providing a reliable foundation for regional
policy formulation.

Key findings: (1) Dimensional vulnerability: N-
gram analysis confirmed that environmental
degradation (waste management) and congestion are
the primary drivers of tourist dissatisfaction. The
DSloveran remains low across both attraction types
(Island: 0.47, Beach: 0.40), with environmental
quality (DSlen: 0.58) identified as the sole structural
strength of the island group. (2) Spatial significance:
The Gi* analysis verified that sustainability risks are
not randomly distributed but spatially clustered. The
Chonburi cluster (specifically Koh Si Chang, and Koh
Loi) emerged as the highest priority hotspot due to
simultaneous failures in accessibility (DSlac) and
service quality (DSlsw). Conversely, the Koh Kood
cluster (Trat) was consistently identified as a structural
coldspot,  representing a  high-sustainability
benchmark for the region.
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