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ABSTRACT

Online booking site reviews substantially influence
Thai SME hotel reputations and consumer decisions.
Hotels should readily extract useful information from
unstructured Thai-language ratings. WangchanBERTa,
a Thai deep learning model, automates hotel sentiment
analysis and strategic insight development in this study.
System is two-stage. Phase 1 divides 10,040 Thai
hotel reviews from Agoda, Booking.com, Traveloka,
and Trip.com into good and negative attitudes and
determines price, service quality, and cleanliness. Phase
2 extracts aspect-level information across 11 service
characteristics to discover complex trends like consumers
being satisfied with service but unhappy with cost.
The sentiment categorization model performed well
with 91.63% accuracy and 89.69% macro F1-score in
experiments. The aspect-based sentiment analysis sys-
tem achieved 91.63% accuracy, 91.55% macro precision,
91.63% recall, 91.52% F1-score, and real-world insight
extraction. This methodology helps hoteliers listen
to customers, integrate data into business ideas, and
compete in Thailand’s tourism market.
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1. INTRODUCTION

In the digital economy era, online user reviews have
become a critical information source that directly reflects
the quality and reputation of hospitality businesses [1],
[2], [3]. For small and medium-sized hotel enterprises
(SME Hotels), which form the backbone of Thailand’s
tourism industry, accurately understanding customer
feedback is essential for market survival and competi-
tiveness. However, manual analysis of review texts is
time-consuming, costly, and susceptible to interpretation
bias [3].

Natural Language Processing (NLP) technology offers
a promising approach for transforming unstructured
textual data into actionable strategic insights [2], [4]. In
recent years, Transformer architectures based on self-
attention mechanisms have revolutionized NLP by ef-
ficiently capturing long-range contextual dependencies.
Subsequently, bidirectional encoder models such as Bidi-
rectional Encoder Representations from Transformers
(BERT) have been developed and widely adopted as the
standard for text analysis tasks [2].

Applying BERT to the Thai language presents unique
challenges due to the absence ofword boundaries, diverse
idiomatic expressions, and context-dependent implicit
meanings that models designed primarily for English or
other languages cannot adequately capture [1], [5]. To
address these limitations, the Vidyasirimedhi Institute of
Science and Technology (VISTEC), with support from the
Digital Economy Promotion Agency (DEPA), developed
WangchanBERTa, a Thai-specific deep learning model
pre-trained on over 78 gigabytes of diverse data from
websites and social media platforms [1]. This model has
been successfully employed in multiple research studies
for sentiment analysis of Thai texts, demonstrating
significantly higher accuracy than traditional machine
learning approaches [4], [5].

In the hotel review domain, prior work reported that
traditionalmethods using Support VectorMachine (SVM)
classifiers combined with Delta Term Frequency-Inverse
Document Frequency (Delta TF-IDF) weighting achieved
approximately 90% accuracy [4]. At the same time, deep
learning approaches integrating Thai-specific encoders
like WangchanBERTa with Convolutional Neural Net-
work (CNN) / Bidirectional Long Short-Term Memory
Network (BiLSTM) architectures yielded significantly
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higher Macro F1-scores [6]. However, these methods
primarily focus on sentence and document-level classifi-
cation and lack the granularity required for aspect-level
analysis, which is crucial for identifying specific service
dimensions such as pricing, cleanliness, room quality,
and staff service that influence customer satisfaction.

To bridge this gap, this research develops an auto-
mated sentiment analysis and insight extraction system
for Thai SME hotels using fine-tuned WangchanBERTa,
capable of both sentiment analysis and aspect-based
sentiment analysis (ABSA). The system architecture
comprises two phases:
Phase 1: Development of a sentiment analysis model
by collecting and preparing hotel review data from
Agoda, Booking.com, Traveloka, and Trip.com platforms,
followed by data cleaning and formatting processes for
model training and performance evaluation.
Phase 2: Aspect-level insight extraction by defining
critical service dimensions such as cleanliness, pricing,
room quality, and staff service, then performing aspect
detection and sentiment polarity assignment for these
aspects.

The system outputs are synthesized into strategic
guidelines that enable hoteliers to formulate targeted ser-
vice improvementmeasures with precision and efficiency
[9], [10], [11].

2. LITERATURE REVIEW

2.1 Sentiment Analysis

Sentiment analysis refers to the task of identifying
the writer’s emotional stance in a piece of text, typically
categorized as positive, negative, or neutral [4]. Reviews
in the hotel domain have shown a clear shift over time
in the techniques used for this task, particularly toward
deep learning–oriented approaches [12]. Earlier studies
often relied on traditional machine learning algorithms
such as Naïve Bayes, logistic regression, and support
vector machines. Although effective to a degree, these
techniques struggle to capture contextual dependencies
between words, which limits their performance on
complex texts [4], [5].

Language-specific models such as WangchanBERTa,
a Thai Transformer-based model [1], offer notable im-
provements in handling informal and idiomatic Thai
expressions.

Namee et al. [6] proposed a hybrid method combining
Transformer embeddings with Random Forest classifica-
tion for aspect-based sentiment analysis. Their approach
surpassed sequential neural models such as GRU and
RNN in terms of F1-score. Bai et al. [7] found that
domain-specific prompting strategies and fine-tuning
remain essential.

2.2 Transformer Models and Applications in Thai
Language

WangchanBERTa, developed by Lowphansirikul et al.
[1] and extensively trained onThai text, captures contex-

tual subtleties—such as colloquial expressions and non-
standard writing styles—more effectively than general-
purpose multilingual BERT variants.

Chantrapornchai and Tunsakul [3] incorporated
BERT and SpaCy to extract information across tourism-
related content, including hotels and attractions, and
demonstrated considerable performance advantages over
classicalML approaches. Lapchaicharoenkit [8] extended
BERT by integrating Dice Loss to alleviate class im-
balance issues, enabling the model to interpret long or
fragmented Thai texts more robustly.

2.3 Aspect-Based Sentiment Analysis (ABSA) Re-
search

Aspect-based sentiment analysis aims to break down
user opinions into specific dimensions—such as price,
service quality, or facilities—allowing a more nuanced
interpretation than overall sentiment scores [9]. Hua
et al. [9] reviewed ABSA frameworks. Nawawi et al.
[10] explored zero-shot approaches for detecting aspects
in tourism reviews, showing that models can generalize
across domains even without domain-specific training.
Kontonatsios et al. [11] introduced a standardized ABSA
dataset.

2.4 Related Research in Tourism and Hotel Review
Sentiment Analysis

In the Thai context, Suraratchai and Phoomvuthis-
arn [13] introduced a hybrid WangchanBERTa–CNN–
BiLSTM architecture for sentiment classification, demon-
strating that contextual embeddings combined with
sequential layers can enhance performance over classical
machine learning models. Bunyatisai et al. [14]
improved sentiment prediction for Thai hotel reviews by
integrating emoji-aware emotional cues.

Jensirisak et al. [15] applied BERT-based ABSA to
Thai smartphone reviews, illustrating that aspect-based
methods are feasible for Thai-language content even
outside the hospitality domain. Wanasukapunt and
Phimoltares [16] developed a deep-learning framework
for classifying Thai social media content. Nokkaew
et al. [17] analyzed public sentiment toward large-
scale transportation projects using machine learning,
deep learning, and ChatGPT-assisted models—reflecting
Thailand’s broader adoption of modern NLP and LLM
techniques in tourism-adjacent analytics.

Wen et al. [18] employed BERT and ERNIE to process
hotel-review datasets, demonstrating improved contex-
tual understanding compared with traditional models;
however, their work remained centered on polarity clas-
sification rather than multi-aspect opinion extraction.

Thomson et al. [19] proposed a hybrid BERT ar-
chitecture with text augmentation for Indonesian hotel
reviews, enhancing robustness to linguistic variability
yet limiting their analysis to sentence-level sentiment.

Sahin and Eyupoglu [20] conducted a systematic liter-
ature review of ABSA applications within the hospitality
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Fig. 1: WangchanBERTa-Based Framework for Aspect-Level Sentiment Analysis of Thai Hotel Reviews.

domain. Their findings reveal persistent challenges—
including the scarcity of domain-adapted datasets, in-
consistencies in aspect schema design, and the absence
of end-to-end ABSA pipelines—thereby reinforcing the
limitations observed in works such as Wen et al. [18] and
Thomson et al. [19].

Roumeliotis et al. [21] compared BERT-based sys-
tems with GPT-Omni models for tourism-related text
classification, highlighting the rapidly improving gen-
eralization capabilities of LLMs but stopping short of
proposing domain-specific pipelines. Nokkaew et al.
[22] demonstrated the usefulness of deep learning and
ChatGPT-assisted systems for large-scale sentiment stud-
ies, though their work focused on transportation projects
rather than hotel reviews.

2.5 Research Gaps and Contributions

Despite rapid progress in sentiment analysis, both
globally and in Thailand, several limitations remain.
Many Thai studies still focus primarily on polarity
classification and rarely examine how different service
components shape customer experience. Khamphakdee
and Seresangtakul [4] and Suraratchai and Phoomvuthis-
arn [13] overlook multiple service aspects within a single
review. Hua et al. [9] highlights the importance of
analyzing opinions across multiple dimensions, yet a

number of hotel-review studies (e.g., Wen et al. [18])
continue to prioritize general sentiment rather than
aspect-level insights.

Another gap concerns the limited use of Wangchan-
BERTa forThai hotel ABSA. Its potential for hotel-related
aspect classification remains underexplored. Sahin and
Eyupoglu [20] notes that the lack of standardized aspect
definitions and domain-oriented pipelines remains a
challenge.

Finally, most studies lack practical tools for hotel
operators.

Contributions of This Work:
• End-to-end ABSA workflow for Thai hotel reviews.

A complete pipeline covering data collection from
OTAs, preprocessing, automated sentiment labeling
and aspect-level modeling, drawing on Hua et al. [9],
Nawawi et al. [10], and Thai NLP literature [4], [13].

• Domain-adapted WangchanBERTa model. The model
is fine-tuned to classify sentiment across 11 service
aspects in Thai hotel reviews, aligning with findings
on Transformer effectiveness in hotel domains [18].

• Thai hotel ABSA gold dataset. We construct a vali-
dated, domain-specific dataset for reproducible ABSA
research.

• Interactive dashboard for hotel operators. Aspect-
level predictions are integrated into a dashboard that
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provides visual, interpretable insights for Thai SME
hotels.

3. METHODOLOGY

3.1 Research Overview

Figure 1 gives an overview of the workflow used
in the aspect-based sentiment analysis, which aims to
interpret Thai hotel reviews both at the sentiment level
and through specific service aspects. The system builds
upon modern Transformer-based language models—an
approach that has become central in recent NLP develop-
ments [1]. WangchanBERTa, in particular, was chosen as
the main model because it was pretrained on a very large
amount of Thai text and has shown strong performance
on Thai-language tasks in earlier studies [8].

The process starts with collecting review messages
from several online travel platforms. These reviews are
first passed through an automatic module that predicts
positive or negative sentiment. Because automated
predictions may include errors, the outputs are checked
manually, and the corrected version becomes the Gold-
Standard Dataset used for training.

After the dataset is finalized, the text is cleaned,
normalized, and prepared before being split into training
and test sets. From here, the development separates
into two paths. One is devoted to training a model
for overall sentiment, and the other focuses on aspect
identification. Aspect labels are produced through rule-
based extraction, assisted by model predictions and
refined by human judgment, before being used to train
a multi-label classifier.

Both models—the sentiment classifier and the aspect
classifier—work together as the core analytical compo-
nents of the system. Their performance is evaluated
using standard quantitative metrics, including Accuracy,
Precision, Recall, and F1-Score [22], [23], [24], [25].
In addition, the system incorporates confidence-related
measurements to assess prediction reliability and cali-
bration quality [26], [27], [28]. Finally, their results are
summarized and discussed, focusing on patterns found in
SME hotel reviews and how these insights may support
operational decision-making.

3.2 Data Collection

The dataset for this research was collected from four
popular online hotel review platforms used in Thailand:
Agoda, Booking.com, Traveloka, and Trip.com, which
provide authentic user experiences from hotel stays.
Data collection was conducted through web scraping
of publicly available reviews using keywords related
to Thai SME hotels, such as “budget accommodation”,
“small hotel”, “good service”, “clean room”, and “delicious
breakfast”. Textual reviews, along with supplementary
information such as satisfaction ratings, were extracted.
All reviews were stored in JSON format and then con-
verted into tabular data for processing convenience. In
total, 10,040 review entries were collected. The resulting

consolidated dataset structure is illustrated in Table 1,
which presents sample records with key fields including
platform, review message, rating, sentiment label, and
aspect labels.

3.3 Data Labeling

A semi-automatic labeling approach was employed,
combining the WangchanBERTa model with verification
by three Thai language experts. Initially, the model
automatically classified reviews as positive or negative.
Subsequently, each expert independently verified the
classifications. Reviews with disagreements among
experts or significant deviations from the model’s pre-
dictions were excluded, retaining only reviews with 100%
consensus among all experts [5].

The final dataset comprises 10,040 entries: 7,071 posi-
tive reviews (70.42%) and 2,969 negative reviews (29.58%).
Although the dataset exhibits class imbalance, it reflects
the realistic user behavior pattern where users tend to
provide reviews primarily for positive experiences [10].

3.4 Data Preprocessing

Preprocessing plays a crucial role in improving model
quality by reducing textual noise and normalizing vari-
ations common in Thai user-generated content. The
PyThaiNLP library [29] was selected because it offers
reliable Thai language processing utilities, particularly
for handling segmentation in a language that lacks
explicit word boundaries.

The preprocessing pipeline consists of several stages:
• Text Cleaning

– Remove punctuation, numbers, symbols, and URLs
– Eliminate extraneous Unicode characters – Correct
frequent text anomalies (such as )

• Text Normalization
– Reduce duplicated characters ( )
– Standardize irregular character forms

• Tokenization
Thaiword segmentation is performed using PyThaiNLP’s
tokenizer to reflect natural linguistic boundaries.

• Stop-Word Removal
Common function words without sentiment contribu-
tion such as are filtered
out.
After these steps, the resulting dataset is cleaner, more

consistent, and suitable for model training.

3.5 Model architectures

3.5.1 BERT

BERT (Bidirectional Encoder Representations from
Transformers) is a language model developed by Devlin
et al. at Google AI Language in 2018 [25]. It employs
an encoder-only Transformer architecture that learns
bidirectional contextual relationships through a self-
attention mechanism, enabling a deeper understanding
of word usage within sentences and capturing context-
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Table 1: Sample data from the multi-source Thai hotel review dataset for ABSA.

dependent meanings more effectively than traditional
static embeddings such as word2vec or GloVe.

BERT is pre-trained using two primary tasks: Masked
Language Modeling (MLM), in which some tokens in a
sentence are masked and the model predicts the missing
tokens, and Next Sentence Prediction (NSP), which trains
the model to understand inter-sentence relationships for
document-level coherence. This pre-training strategy
allows BERT to produce flexible contextual embeddings
that can be efficiently fine-tuned for downstream tasks
such as sentiment analysis, question answering, text
classification, and named entity recognition.

BERT achieved state-of-the-art performance on mul-
tiple benchmark datasets, including GLUE and SQuAD,
and has since become a foundational model in modern
NLP. However, subsequent research revealed limitations
when applying BERT to languages without explicit word
boundaries, such as Thai and Indonesian, motivating
adaptations in tokenization strategies and model pre-
training for these languages [1]. In Thailand, re-
cent studies have demonstrated increasing adoption of
deep contextual models and LLM-integrated frameworks
for analyzing social media sentiment and emerging
emotional patterns, underscoring the need for models
specifically designed to handle the complex linguistic
characteristics of Thai [22].

To address these challenges forThai,WangchanBERTa

was introduced as a Thai-specific Transformer-based
language model pre-trained on large-scale Thai corpora,
providing stronger coverage of Thai vocabulary and
morphology for downstream tasks such as sentiment
analysis.

3.5.2 WangchanBERTa
WangchanBERTa is a Thai-specific deep language

model developed by AI Research Thailand in 2021 [1].
It is based on the Robustly Optimized BERT (RoBERTa)
architecture, an improved variant of BERT that removes
the Next Sentence Prediction (NSP) task and enhances
training efficiency through dynamic masking and large-
batch optimization. WangchanBERTawas pre-trained on
a large-scaleThai corpus of over 78 gigabytes, comprising
diverse sources such as news articles, general web
pages, social media content, and government documents,
enabling rich contextual understanding of Thai linguistic
structures across multiple domains.

Key differences between WangchanBERTa and stan-
dard BERT include: A SentencePiece tokenizer adapted
for Thai word segmentation without relying on whites-
pace boundaries. A customized vocabulary covering
Thai words, idioms, colloquialisms, and emojis common
in user-generated content. RoBERTa-style training
objectives that provide more stable and generalizable
contextual embeddings.
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WangchanBERTa is particularly well-suited for pro-
cessing informal, mixed-sentiment Thai text, such as

(small room but good service),
where the model can distinguish both positive and
negative sentiments within a single sentence. This aligns
with findings by Lowphansirikul et al. [1], who reported
WangchanBERTa’s superior contextual representations
compared with multilingual Transformer models, and
Suraratchai et al. [13], who demonstrated its strong
performance in aspect-based sentiment analysis for Thai
content.

Additional evidence for the effectiveness of Thai-
specific Transformer architectures is provided by Harn-
metta and Samanchuen [30], who demonstrated that
transformer-based models, particularly Thai-specific ar-
chitectures such as WangchanBERTa, outperform mul-
tilingual approaches in Thai sentiment classification
tasks. Their findings further highlight the importance
of language-specific contextual understanding in Thai
sentiment analysis. Complementary studies in Thai
sentiment research further indicate that deep contextual
and LLM-assisted models can capture nuanced emotional
patterns in large-scale social media data, emphasizing the
need for Thai-focused Transformer architectures [22].

In summary, WangchanBERTa is a highly suitable
Thai language model for hotel review analysis in this
research, given its proven capability to process complex
Thai expressions, interpret mixed sentiments, and sup-
port aspect-level understanding that aligns with the au-
thentic linguistic characteristics of Thai user-generated
content.

3.6 Performance Evaluation
3.6.1 Confusion Matrix

The Confusion Matrix is the primary tool for eval-
uating classification model performance, as it provides
detailed insights into model predictions by comparing
predicted values against actual values. It comprises four
key components:
True Positive (TP): correctly predicted positive instances
True Negative (TN): correctly predicted negative in-
stances
False Positive (FP): negative instances incorrectly pre-
dicted as positive False Negative (FN): positive instances
incorrectly predicted as negative

These four values form the foundation for calculating
several important performance metrics used to evaluate
model accuracy, detailed as follows [17], [22], [23], [24],
[25].:

Accuracy
Accuracy measures the overall correctness of the

model, reflecting the proportion of correct predictions
among all samples [17], [22], [23], [24], [25].

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 = 𝑻𝑷 + 𝑻𝑵
𝑻𝑷 + 𝑻𝑵 + 𝑭𝑷 + 𝑭𝑵 (1)

Precision

Precision reflects the correctness of positive predic-
tions. Higher precision indicates better reduction of False
Positive errors [17], [22], [23], [24], [25].

𝑷 𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 = 𝑻𝑷
𝑻𝑷 + 𝑭𝑷 (2)

Recall
Recall measures the coverage of actual positive in-

stances, particularly important when positive instances
are minority class [17], [22], [23], [24], [25].

𝑹𝒆𝒄𝒂𝒍𝒍 = 𝑻𝑷
𝑻𝑷 + 𝑭𝑵 (3)

F1-Score
F1-Score is the harmonic meaning of Precision and

Recall, reflecting the balance between correctness and
coverage [22], [23], [24], [25].

𝑭 −𝑴𝒆𝒂𝒔𝒖𝒓𝒆 = 2 ∗ 𝑷 𝒓𝒄 ∗ 𝑹𝒄𝒍
𝑷 𝒓𝒄 + 𝑹𝒄𝒍 (4)

3.6.2 Confidence Calibration
Confidence calibration assesses whether the model’s

predicted probability scores accurately reflect the true
correctness. A well-calibrated model should produce
outcomes in which, for instance, predictions with a
confidence of 0.8 are correct approximately 80% of the
time.

Calibration is particularly important in real-world
applications where decision-making relies on model
uncertainty estimates. Poor calibration can lead to
overconfident or underconfident predictions, potentially
causing unreliable system behavior even when accuracy
appears high.

3.6.3 Confidence Metrics
To quantify model confidence, several metrics derived

from the model’s output layer are commonly used:
Max Score: The maximum softmax probability among

all classes, indicating the model’s confidence in its top
prediction. Higher values suggest stronger conviction in
the predicted class [26], [27], [28].:

𝑀𝑎𝑥 𝑆𝑐𝑜𝑟𝑒 = max
𝑖∈{1,…,𝐾} (

𝑒𝑧𝑖

∑𝐾
𝑗=1 𝑒𝑧𝑖 )

(5)

These metrics help analyze prediction uncertainty
and identify low-confidence predictions that may require
human review or further validation.

4. RESULTS AND DISCUSSION
4.1 Experimental Setup

Experiments were conducted on Google Colab using
Python 3.10 with PyTorch, Transformers (HuggingFace),
and Scikit-learn, on an NVIDIA Tesla T4 GPU (16 GB
VRAM) and 12.7 GB RAM. The WangchanBERTa model
was fine-tuned with a batch size of 16, a learning rate of
2e-5, and the AdamW optimizer for 3-5 epochs.
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Fig. 2: Distribution of positive and negative sentiment
classes in the training and test sets: (a) training set with
8,032 reviews; (b) test set with 2,008 reviews.

Fig. 3: Confusion matrix of WangchanBERTa model for
sentiment classification.

4.2 Dataset Distribution and Sentiment Polarity
The data was partitioned using an 80:20 stratified

split to maintain consistent class proportions across both
subsets. As shown in Fig. 2(a), the training set contains
8,032 reviews with 5,657 positive reviews (70.4%) and
2,375 negative reviews (29.6%). The testing set in Fig.
2(b) comprises 2,008 reviews, consisting of 1,414 positive
reviews (70.4%) and 594 negative reviews (29.6%).

The distribution reveals a consistent positive-to-
negative ratio of approximately 7:3 across both sets,
which is suitable for model training without requiring
additional data rebalancing techniques.

4.3 Model Performance Evaluation
4.3.1 Overall Sentiment Classification

At the first level, the WangchanBERTa model was
fine-tuned on theThai hotel review dataset to classify text
into two sentiment categories: Positive and Negative.
The performance evaluation used four standard metrics:
Precision, Recall, F1-score, and Accuracy.

Evaluation results on the test set demonstrate effective

Fig. 4: Word clouds of hotel reviews categorized by
sentiment: (a) Positive reviews (b) Negative reviews.

Fig. 5: Aspect-based sentiment distribution showing posi-
tive and negative guest opinions across service dimensions,
predicted by fine-tuned WangchanBERTa.

sentiment classification, achieving a Precision of 91.55%,
a Recall of 91.63%, a weighted F1-score of 91.52%, a macro
F1-score of 89.69%, and an Accuracy of 91.63%. These
results indicate the model’s robust capability to capture
contextual nuances and accurately classify sentiment
in Thai review texts, even in cases involving complex
sentence structures or implicit emotional expressions.

4.3.2 Aspect-Based Sentiment Classification

Following overall sentiment classification, theWangchan-
BERTa model was further fine-tuned for aspect-level
sentiment analysis of hotel reviews across eleven service
dimensions: Staff Service, Room, Cleanliness, Food,
Location, Price & Value, Facilities, Check-in/Check-out
Process, Internet, Safety, and Atmosphere.
Performance evaluation used the same standard metrics
as overall sentiment classification.
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Table 2: Examples of Multi-Aspect Sentiment Detection Results.

Experimental results on the test set demonstrate signif-
icantly improved performance, achieving a Precision of
93.62%, a Recall of 94.62%, an F1-score of 94.22%, and an
Accuracy of 98.66%. These results indicate that the model
effectively understands fine-grained review details and
accurately identifies aspect-specific sentiments.

4.4 Confusion Matrix

The confusion matrix of the WangchanBERTa model
for sentiment classification is shown in Fig. 3, with two
categories: Positive and Negative. The matrix shows the
number of correctly and incorrectly classified texts for
each class, with darker colors indicating higher classi-
fication accuracy, reflecting the model’s effectiveness at
distinguishing different sentiments.

Analysis shows that the model achieves higher ac-
curacy in classifying positive texts than negative ones.
Misclassifications predominantly occur in two scenarios:
(1) Mixed Sentiment — texts expressing both satisfaction
and dissatisfaction within the duplicate content, and
(2) Contrastive Expressions — statements containing
contradictory elements within a single sentence.
Confusion matrix analysis also reveals patterns of sys-
tematic misclassification, such as negative reviews using
polite language being incorrectly classified, and texts
with complex sentence structures being misinterpreted
contextually. These behavioral insights can inform
model refinement to better understand Thai language
”tone,” thereby enhancing the accuracy of aspect-based
insights extraction in subsequent phases, such as pre-
cisely identifying that users are ”satisfiedwith service” but
”dissatisfied with pricing”.

Despite some misclassifications, the accuracy of
92.62% demonstrates that the model effectively learns
and understands Thai review contexts at a level suitable
for real-world application. Therefore, the confusion
matrix in this research not only indicates model accuracy
but also serves as a crucial tool for understanding how the
model perceives human sentiment.

4.5 Data Analysis and Interpretation

The hotel review data analysis in this research em-
ploys a combined approach of textual analysis and
aspect-based sentiment analysis to gain deep insights
into customer opinions and emotions regarding their
accommodation experiences across different service di-
mensions.

Fig. 4 illustrates the word cloud analysis of hotel
reviews, highlighting the most frequently mentioned
terms in both positive and negative contexts. The size
of each word corresponds to its frequency of occurrence,
enabling immediate identification of key themes and
concerns expressed by guests across various aspects of
their hotel experience.

Analysis reveals that frequently occurring terms in
positive reviews reflect core strengths in cleanliness
and service quality. Conversely, negative reviews
predominantly relate to experiences with facilities and
service efficiency. These visual insights not only enable
hoteliers to grasp overall customer feedback quickly but
also clearly identify areas requiring improvement and
strengths to reinforce, aligning with the aspect-based
sentiment analysis results presented in previous sections.

4.6 Aspect-based Insight Extraction Results

Following the training and performance evaluation
of the fine-tuned WangchanBERTa model, this research
applied the model to analyze customer feedback at the
aspect level, yielding deep insights into accommodation
experiences across different dimensions of Thai SME
hotels.

From the analysis of 10,040 review texts, the system
successfully detected keywords and classified opinions
into 11 principal aspects as follows:

1. Staff Service – Employee service quality and
hospitality

2. Room – Room quality and in-room comfort
3. Cleanliness – Cleanliness standards and environ-

mental conditions
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4. Food – Food and beverage offerings
5. Location – Hotel location and accessibility
6. Price & Value – Value for money
7. Facilities – Amenities (swimming pool, fitness

center, parking, etc.)
8. Check-in/Check-out Process – Registration and

departure procedures
9. Internet – Wi-Fi connectivity and internet speed

10. Safety – Security and safety measures
11. Atmosphere – Overall ambiance and interior

design
To further interpret how guests perceive different

service dimensions, the extracted aspect-level sentiments
were aggregated and visualized to reveal the overall
distribution of positive and negative opinions across the
11 hotel service aspects. This visualization highlights
not only the volume of mentions within each aspect but
also the polarity tendencies that reflect real customer
experiences. Such distribution is essential for identifying
strengths, diagnosing service pain points, and guiding
managerial decision-making for Thai SME hotels. Fig.
5 presents the aspect-based sentiment distribution pre-
dicted by the fine-tuned WangchanBERTa model, illus-
trating how guests evaluated each service component in
practical hotel operations.

4.7 Multi-Aspect Detection
The WangchanBERTa model can identify multiple

aspects within a single review by segmenting the text
into sub-sentences and evaluating aspects and sentiment
polarity independently for each segment. This approach
enables a precise understanding of which specific aspects
elicit positive or negative responses from guests. Its
sentiment orientation and confidence score accompany
each detected aspect.

The aspect-based sentiment analysis results reveal
customer satisfaction levels across different dimensions
of the service experience, as illustrated in Table 2.

5. CONCLUSION
This paper presented a two-phase framework forThai-

language sentiment analysis in small and medium-sized
hotel enterprises (SME hotels) using WangchanBERTa.
The first phase focused on overall sentiment analysis,
where WangchanBERTa was fine-tuned on 10,040 re-
views collected from Agoda, Booking.com, Traveloka,
and Trip.com. The fine-tuned model achieved an average
accuracy of 91.63% and a macro F1-score of 89.69%,
outperforming traditional classifiers and recurrent archi-
tectures such as LSTM and GRU. These results confirm
the advantage of Transformer-based models in capturing
long-range dependencies in Thai hotel reviews.

In the second phase, aspect-based sentiment analysis
was employed to extract finer-grained insights. The
system identified key service aspects, including price,
cleanliness, staff service, and room comfort, and classi-
fied the sentiment polarity associated with each aspect.
On the test set, the model obtained an accuracy of 91.63%,

with macro precision of 91.55%, recall of 91.63%, and a
macro F1-score of 89.69%. The framework can also detect
mixed opinions within a single review, enabling hotel
operators to pinpoint specific strengths and weaknesses
at the aspect level.

Future work includes expanding the dataset to addi-
tional platforms such as Google Reviews and Facebook,
extending the framework to multilingual aspect analysis
and exploring zero-shot or prompt-based learning to
reduce annotation costs and adapt to emerging as-
pects. Another promising direction is integrating the
proposed models with Business Intelligence dashboards,
recommendation engines for real-time voice-of-customer
monitoring and decision support. Overall, the proposed
framework demonstrates that Thai-specific deep lan-
guage models such asWangchanBERTa can substantially
enhance sentiment analysis in the hospitality sector and
can be generalized to related service domains.
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