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Abstract—Marine tourism is a strategic sector heavily 

influenced by tourists' perceptions and experiences, which are 

captured in user-generated content across various digital 

platforms. However, the multifaceted, informal, and ambiguous 

nature of reviews poses challenges for sentiment analysis based on 

conventional methods. This study proposes an aspect-based 

sentiment analysis (ABSA) framework using a Large Language 

Model (LLM) integrated with Explainable Artificial Intelligence 

(XAI) to analyze cross-platform marine tourism reviews. The 

proposed approach includes text reflection preprocessing, aspect 

extraction, sentiment classification based on zero-shot and few-

shot learning schemes, and XAI integration to improve the 

interpretability of the results through the contribution of 

keywords and evidence phrases. Model evaluation is conducted by 

comparing the model output against reference annotations on a 

subset of review data using precision, recall, and F1-score metrics 

at the aspect level. Experimental results show that the zero-shot 

scheme produces moderate performance with an accuracy and 

macro-average F1 score of 0.33, while the application of some-shot 

learning significantly improves performance with an accuracy of 

0.87 and a macro-average F1 score of 0.87. The integration of XAI 

shows that the resulting sentiment prediction model is supported 

by relevant linguistic evidence, thereby increasing transparency 

and trust in the analysis results. These findings confirm that the 

proposed ABSA-based LLM framework is effective, 

interpretative, and has the potential to be used as a decision-

support tool in the management and development of data-driven 

marine tourism destinations. 

Keywords—LLM; aspect-based sentiment analysis; XAI; marine 
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I. INTRODUCTION 

Marine tourism is a tourism subsector that has experienced 
significant growth in recent decades, along with increasing 
tourist interest in coastal destinations, islands, and marine 
ecosystem-based activities. The characteristics of marine 
tourism, which are highly dependent on environmental 
conditions, service quality, and safety factors, make the sector 
sensitive to tourist perceptions and experiences. These 
perceptions play a crucial role in shaping destination image, 
satisfaction levels, and repeat visit intentions, which ultimately 
determine competitiveness and tourism [1] . 

Digital transformation has changed the way travelers express 
their experiences and opinions. Digital platforms and social 
media allow travelers to share reviews openly through user-
generated content (UGC) on platforms such as Google Maps, 

TripAdvisor, Instagram, TikTok, and travel forums. UGC is 
now a key source of information in the travel decision-making 
process, while also representing authentic experiences of 
travelers in real time [2] , [3] , [4] . Therefore, analyzing UGC 
is becoming an increasingly important approach for destination 
managers and tourism stakeholders to understand tourist 
perceptions and continuously rank destination reputations [5]. 

However, analyzing marine tourism reviews faces complex 
challenges. Traveler reviews are generally unstructured, using 
informal language, slang, emojis, and mixed languages, and 
often contain more than one opinion in a single sentence. 
Travelers may express positive sentiments about one aspect, 
such as the beauty of a beach, but simultaneously convey 
negative sentiments about another aspect, such as accessibility 
or facilities. This linguistic complexity and multifaceted nature 
make it difficult for conventional sentiment analysis methods to 
accurately capture tourists' meanings and emotions [6]. 

Sentiment analysis has been widely applied in tourism 
research to extract tourists' opinions from digital reviews. 
Common approaches are dictionary-based (lexicon-based) [7] , 
[8] or classical machine learning algorithms, such as Naïve 
Bayes [9] , [10] , [11] and Support Vector Machine [12] , [13] . 
Although relatively easy to implement, these methods have 
limitations in understanding context, irony, and complex 
emotional nuances. The development of deep learning and 
transformer models, such as Convolutional Neural Network, 
Recurrent Neural Network, and BERT, has improved the 
acquisition of sentiment analysis [14] , [15] , [16]. However, 
these models generally require large labeled datasets and 
expensive training processes, making them less flexible for 
specific and dynamic domains such as marine tourism. 

To limit sentiment analysis globally, Aspect-Based 
Sentiment Analysis (ABSA) was developed to identify specific 
aspects discussed in the review and determine the polarity of 
sentiment on each aspect [17] , [18] , [19] , [20] In the context 
of marine tourism, ABSA is very relevant because it allows for 
tourist guidance on key aspects, such as beach cleanliness, 
environmental conditions, safety, facilities, and accessibility. 
However, most ABSA research in tourism still relies on pre-
defined dictionary aspects or supervised learning approaches, 
making it less adaptive to the ever-evolving variations in 
languages, digital platforms, and destination contexts. 

The development of Large Language Models (LLMs) opens 
new opportunities in aspect-based sentiment analysis. LLMs, 
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trained on large, multilingual text corpora, have superior 
capabilities in understanding context, capturing implicit 
meaning, and performing zero-shot and some-shot learning 
without the need for large labeled datasets [21] , [22] . In tourism 
sentiment analysis, LLMs have proven to be more effective in 
handling informal language, complex emotions, and reviews 
containing multiple aspects within a single text [23] . However, 
LLMs also present new challenges, particularly related to their 
black-box nature, making the analysis results difficult to explain 
and interpret for non-technical users. The lack of transparency 
and interpretability are crucial issues in the application of LLM-
based sentiment analysis, especially when the analysis results 
are used as a basis for managerial and public policy decisions. 
In the context of marine tourism, stakeholders require not only 
sentiment classification results, but also explanations regarding 
which aspects trigger certain sentiments and the underlying 
linguistic evidence. Therefore, the integration of Explainable 
Artificial Intelligence (XAI) becomes very important to increase 
trust, accountability, and usability [24] , [25] , [26] . 

Based on these gaps, this study proposes an Explainable 
Aspect-Based Sentiment Analysis approach for marine tourism 
using Large Language Models. The proposed approach 
integrates the contextual capabilities of LLMs with XAI 
mechanisms to produce aspect-based sentiment analysis that is 
not only accurate but also explainable. Through this approach, 
the system is able to identify key aspects of marine tourism, 
determine the sentiment polarity for each aspect, and provide 
explanations based on text evidence regarding the linguistic 
factors that influence the analysis results. 

The main contribution of this research lies in the 
development of an aspect-based sentiment analysis approach 
based on a Large Language Model specifically designed to 
handle informal, multi-faceted, and highly contextual reviews of 
marine tourism characteristics. This approach is enriched with 
the integration of Explainable Artificial Intelligence principles 
to increase the transparency and interpretability of sentiment 
analysis results, so that the rationale behind the prediction model 
can be clearly understood. Furthermore, this research provides 
an applicable analytical foundation and can be utilized as a data-
driven decision support tool for destination managers and 
marine tourism stakeholders in converging tourist perceptions 
and developing more effective destination management 
strategies. 

II. METHOD 

This study proposes an Explainable Aspect-Based Sentiment 
Analysis (ABSA) framework based on a Large Language Model 
(LLM) to analyze tourist perceptions of marine tourism 
destinations. The research methodology includes collecting 
marine tourism review data from various digital platforms, 
preprocessing review texts, identifying and extracting tourism 
aspects, LLM-based sentiment classification, integrating XAI 
mechanisms for model interpretability, and evaluating 
performance. The zero-shot approach performs sentiment 
classification without labeled examples, whereas the few-shot 
approach incorporates two labeled examples to guide the LLM 
in identifying tourism-related aspects and their corresponding 
sentiment polarities. The flow of the research methodology 
stages is shown in Fig. 1. 

 

Fig. 1. Flow of stages of research methodology. 

A. Data Collection 

The data used in this study consists of user-generated content 
(UGC) related to marine tourism, collected from various digital 
platforms such as Google Maps Reviews, TripAdvisor, 
Instagram, YouTube, and other blog review platforms. Data 
were collected using web scraping techniques and official 
application programming interfaces (APIs), while adhering to 
privacy policies and ethical data usage. The reviews collected 
reflect tourists' opinions on various aspects of marine tourism 
destinations, such as the quality of the marine environment, 
tourist facilities, services, accessibility, cleanliness, and the 
overall experience. The data are multilingual and informal, 
reflecting the characteristics of user communication in digital 
media. 

TABLE I.  EXAMPLE SUMMARY OF MULTI-PLATFORM MARINE TOURISM 

REVIEW DATASET 

Platform Data source 
Content 

Type 

Number 

of 

Samples 

Information 

Google 
Maps 

Google 

Maps 

Review 

Text 
Review 

3,200 

Tourist reviews 

of beaches and 
marine tourism 

attractions 

TripAdvisor 
TripAdvisor 

Reviews 

Text 

Review 
2,150 

Visitors' opinions 
about marine 

tourism 

destinations 

Instagram 
Hashtag 

Scraper 

Description 
and 

Comments 

1,800 

User descriptions 
and comments 

using the marine 
tourism hashtag 

YouTube 
YouTube 
Comment 

Scraper 

Comment 1,250 

Viewer 

comments on 

marine tourism 
videos 

Table I shows a summary of the marine tourism review 
dataset from various social media platforms. The study reports a 
total of 8,400 user-generated records obtained from four digital 



(IJACSA) International Journal of Advanced Computer Science and Applications, 

Vol. 17, No. 10, 2026 

447 | P a g e  

www.ijacsa.thesai.org 

platforms: Google Maps (3,200 records), TripAdvisor (2,150 
records), Instagram (1,800 records), and YouTube (1,250 
records). The collected data represent different forms of 
tourism-related user-generated content, including destination 
reviews and online comments. The implementation supports 
CSV-based data ingestion and the identification of relevant text 
columns. Each record is processed using a configurable 
preprocessing pipeline, and the application records the number 
of input records and the number retained after relevance 
filtering. The initial collection size is distinguished from the 
final analytical dataset size. Language distributions, duplicate 
counts, and record exclusions should be reported using the 
actual preprocessing logs and dataset records to ensure 
reproducibility. 

B. Text Preprocessing 

Text preprocessing is the initial stage aimed at improving the 
quality of data reviews before they are analyzed using a Large 
Language Model (LLM). Given the informal, multilingual 
nature of user-generated content (UGC) in marine tourism, 
which often contains non-textual symbols, the preprocessing 
process is designed in a streamlined manner to avoid losing 
semantic context that is crucial for model understanding. 

This decision was made to preserve the sentence structure 
and semantic context necessary for the LLM to understand 
implicit meaning and relationships between words. Stopword 
removal was limited, only for words that did not contribute 
semantically to sentiment analysis. The final preprocessing 
stage was formatting the text into a prompt-ready input form that 
conforms to zero-shot and some-shot learning schemes. Each 
review was structured in a consistent input format, enabling the 
LLM to perform aspect identification and sentiment 
classification stably and replicably. Table II shows examples of 
text preprocessing output and a prompt for creation. 

The preprocessing pipeline comprises configurable text-
cleaning and normalization operations. First, malformed text is 
repaired using the ftfy library. HTML tags and URLs are 
removed when the corresponding options are enabled. 
Additional operations include optional emoji removal, case 
folding, and the normalization of Indonesian informal 
expressions using a predefined slang dictionary. 

Language identification is performed using lexical heuristics 
to distinguish Indonesian, English, and unknown-language 
records. A supplementary heuristic identifies potentially code-
mixed Indonesian–English expressions. Limited stopword 
removal is then applied using predefined language-specific 
stopword lists. 

A marine-tourism relevance filter is used to identify records 
containing domain-related keywords associated with beaches, 
oceans, waves, islands, coral reefs, and marine activities. The 
application stores cleaned text, detected language, text length, 
and relevance indicators. 

The preprocessing configuration must be recorded 
consistently for each experiment because text normalization and 
filtering may influence the information available for subsequent 
aspect and sentiment classification. 

C. Aspect Extraction 

The aspect extraction process was carried out to identify the 
key dimensions of the marine tourism experience discussed in 
each user review. This stage began with the use of review text 
that had undergone a preprocessing process to clean and 
normalize it without losing semantic context. Next, a collection 
of previously established marine tourism aspects was used as a 
reference framework to ensure the extracted aspects remained 
relevant and consistent. 

Each review was then formulated into a structured prompt 
and analyzed using a Large Language Model (LLM), which is 
capable of understanding both explicit and implicit meaning in 
the text. In addition to identifying emerging aspects, the model 
also extracted supporting phrases (evidence phrases) that 
represent the basis for determining each aspect, thereby 
increasing transparency and explainability. Results. The output 
from this stage is presented in a structured format to support the 
aspect-based sentiment classification process and explainability 
analysis in the next stage. Fig. 2 presents a sample output from 
the aspect extraction results. 

D. Sentiment Analysis Using LLM 

Sentiment analysis using a Large Language Model (LLM) 
was conducted to classify sentiment polarity for each previously 
identified aspect of marine tourism. At this stage, preprocessed 
and aspect-extracted review texts were analyzed through a 
structured prompt modeled to determine positive, negative, or 
neutral sentiment at the aspect level. The aspect-based approach 
allows a single review to generate multiple different sentiment 
labels, corresponding to the multidimensional characteristics of 
the tourism experience. LLM was utilized for its ability to 
understand semantic context and implicit expressions 
commonly found in user-generated content. For each aspect, the 
model also extracted evidence phrases as the basis for 
determining sentiment, thereby increasing the transparency and 
explainability of the analysis results. Inference was performed 
using zero-shot and some-shot learning schemes to assess the 
consistency of sentiment classification, with the output 
presented in a structured format to support analysis and 
interpretation in subsequent stages. 

E. Integrating Explainable AI 

The integration of Explainable Artificial Intelligence (XAI) 
was carried out to improve the transparency and interpretability 
of sentiment analysis results based on Large Language Models 
(LLMs). In this study, the XAI approach is implemented through 
an evidence-based explanation mechanism, where each aspect 
and polarity of the generated sentiment is accompanied by 
evidence phrases taken directly from the review text. 

F. Integrating Explainable AI 

The integration of Explainable Artificial Intelligence (XAI) 
was carried out to improve the transparency and interpretability 
of sentiment analysis results based on Large Language Models 
(LLMs). In this study, the XAI approach is implemented through 
an evidence-based explanation mechanism, where each aspect 
and polarity of the generated sentiment is accompanied by 
evidence phrases taken directly from the review text. This 
approach allows for explicit tracing of the relationship between 
the input text and the model's decisions, thereby reducing the 
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black-box nature of LLMs. By presenting the analysis results in 
a structured format, the XAI integration also supports qualitative 
analysis and validation of the results, as well as increasing user 

and stakeholder confidence in the proposed analytical system in 
the context of marine tourism. 

 

Fig. 2. Aspect extraction interface with example output and prompt generation for LLM-based ABSA. 

G. Model Evaluation 

An evaluation was conducted to assess the performance of 
the proposed LLM-based sentiment analysis framework in 
identifying aspects and classifying sentiments in marine tourism 
reviews. 

Given the aspect-based and generative nature of the 
approach, the evaluation focused not only on sentiment 
classification accuracy but also on the quality of aspect 
extraction and explainability. The evaluation process was 
conducted by comparing the model output against manually 
compiled reference annotations on a subset of the review data. 
Each aspect-sentiment pair generated by the model was assessed 

for aspect suitability, sentiment polarity, and the relevance of the 
provided evidence phrases. The evaluation was conducted using 
two inference schemes, namely zero-shot and some-shot 
learning, to measure the effect of the inclusion of examples on 
the stability and precision of the results. For quantitative aspects, 
the evaluation metrics used included precision, recall, and F1-
score at the aspect level, which provide a balanced picture 
between criteria and completeness of predictions. In addition, a 
qualitative analysis was conducted by reviewing the evidence 
phrases generated by the model to assess the level of 
explainability and consistency of explanations, especially in 
cases of ambiguous reviews or reviews containing more than 
one aspect with different sentiment polarities. 

TABLE II.  EXAMPLE OF TEXT PREPROCESSING OUTPUT AND PROMPT GENERATION 

Platform Text (Raw) Text Cleanup Relevant Command Types 

Google Maps 
The beach is very clean, and the water is crystal 

clear, but parking is limited during peak hours. 

The beach is very clean, and the water is crystal clear, 

but parking is limited during peak hours. 
CORRECT Zero shots 

TripAdvisor 
The water is incredibly clear, and the waves are 
calm. The staff is friendly, but the entrance fee is 

quite expensive. 

The water is incredibly clear, and the waves are calm; 
the staff is friendly, but the entrance fee is a bit 

expensive. 

CORRECT Few shots 

Instagram 
Amazing sunset view with crystal-clear water 
and a relaxing atmosphere #beach #snorkeling 

Amazing sunset view with crystal clear water and 
relaxing atmosphere #beach #snorkeling 

CORRECT Zero shots 

YouTube 
The sea view is beautiful, but the road access to 

the location still needs improvement. 

The sea view is beautiful, but the road access to the 

location still needs improvement. 
CORRECT Few shots 
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III. RESULTS AND DISCUSSION 

A. Sentiment Analysis Results Using LLM 

The evaluation was conducted on a manually annotated 
subset; therefore, future studies should consider larger and more 
diverse annotated datasets to further assess the generalizability 
of the proposed approach. The results of sentiment analysis 
using a Large Language Model (LLM) demonstrate that the 
proposed approach is able to consistently identify user sentiment 
tendencies in marine tourism reviews sourced from various 
social media platforms. LLM not only classifies sentiment 
polarity (positive, neutral, and negative) but also captures the 
nuances of the language context, which is informal, descriptive, 
and often contains subjective expressions typical of user-
generated content. Overall, the analysis results show a 
dominance of neutral and positive sentiments, indicating that 
most users convey marine tourism experiences in an informative 
or descriptive manner, accompanied by positive evaluations of 
the quality of the environment, scenery, and recreational 
experiences offered. 

The LLM-based approach also demonstrates stability in 
cross-platform data processing, despite significant variations in 
language characteristics, text length, and review delivery style. 
This confirms that LLMs are able to adapt to data heterogeneity 
without requiring rigid linguistic rules, making them suitable for 
use in multi-platform marine tourism sentiment analysis. Fig. 2 
shows an example of the results of a cross-platform sentiment 
analysis for tax tourism using LLM. 

Fig. 2 shows the distribution of sentiment analysis results 
across various social media platforms: Google Maps, Instagram, 
TripAdvisor, and YouTube. Neutral sentiment dominates across 
all platforms, particularly on Google Maps and YouTube, with 
a significantly higher number of neutral reviews than positive 
and negative ones. This pattern suggests that users on these 
platforms tend to provide factual and descriptive reviews, such 
as information about location, access, or the general condition 
of the destination, without extreme emotional expressions. 

On Google Maps, while neutral sentiment dominates, 
positive sentiment is also relatively significant. This indicates 
that the platform is frequently used to share firsthand, evaluative 

experiences, particularly regarding environmental quality and 
the natural beauty of marine tourism. 

Negative sentiment on Google Maps is relatively low, 
indicating that user complaints or dissatisfaction only arise in 
certain aspects and do not dominate the overall perception. 

Instagram shows fewer reviews than other platforms, with a 
relatively balanced sentiment distribution, but still dominated by 
neutral sentiment. This may be attributed to Instagram's visual 
nature, where descriptive text tends to be brief and 
complementary, limiting explicit sentiment. 

TripAdvisor displays a significantly higher proportion of 
positive sentiment than negative sentiment. This finding is 
consistent with TripAdvisor's role as a travel review platform, 
where users generally write more reflectively and evaluatively 
about their experiences. Meanwhile, YouTube is dominated by 
neutral sentiment with a large number of reviews, reflecting the 
large number of comments in the form of short responses, 
questions, or general discussions about marine tourism video 
content. 

B. Explainable AI (XAI) Integration Results 

The integration of Explainable Artificial Intelligence (XAI) 
into a Large Language Model (LLM)-based sentiment analysis 
framework aims to increase the transparency and explainability 
of the model's decision-making process. Unlike conventional 
sentiment classification approaches, which tend to be black-box, 
the XAI approach in this study allows each sentiment result to 
be traced back to relevant pieces of review text as evidence. The 
XAI component provides evidence phrases and textual 
explanations to support the interpretation of aspect-level 
sentiment predictions. Although these explanations improve 
transparency, further quantitative evaluation is required to 
assess their faithfulness. 

In its implementation, XAI interacts through an evidence-
based explanation mechanism, where the LLM not only 
generates sentiment labels for each aspect but also extracts key 
phrases or sentences from original reviews that explicitly 
represent user assessments. Each aspect-sentiment pair is 
complemented by textual evidence derived directly from user-
generated content, making the interpretation of the results more 
contextual and amenable to manual processing. 

 

Fig. 3. Explainable AI (XAI) keyword contribution analysis for sentiment prediction.
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Fig. 3 shows the results of the Explainable Artificial 
Intelligence (XAI) integration, which visualizes the contribution 
of keywords to the sentiment predictions generated by the 
model. Word contributions are categorized into three categories: 
positive, neutral, and negative sentiment, providing a more 
transparent picture. Regarding linguistic factors influencing 
decision models. 

In the positive sentiment category, words like "Hehe," 
"thanks," and "watching" had high contribution weights, 
reflecting expressions of satisfaction and appreciation 
commonly found in marine tourism reviews. This indicates that 
the model is capable of recognizing informal expressions as 
indicators of positive sentiment, even though these words are not 
always directly related to the technical aspects of the service. 

The neutral sentiment category displays a relatively 
balanced contribution of positive and negative words. Narrative 
words like "have" and "we" contribute little to neutral sentiment, 
while price-related terms like "expensive" and "price" tend to 
push sentiment toward the evaluative. These findings indicate 
that discussions of cost are a frequent trigger for sentiment 
changes, although not always explicitly negative. 

For negative sentiment, words like "troublesome," 
"difficult," and "crashing" showed strong contributions, 
representing the user's experience of discomfort or difficulty. 
Conversely, general or positive words, such as "the" and 
"prettiest," tended to reduce the intensity of negative sentiment 
when they appeared in specific contexts. 

C. Model Evaluation Results 

After conducting sentiment analysis based on the 
Explainable Artificial Intelligence (XAI) integration aspects and 
mechanisms, the next step is to disseminate the quality and 
reflection of the model's results. This evaluation aims to assess 
the extent to which the sentiment analysis output consistently 
represents user perceptions, is contextually relevant, and can 
reliably support further analysis. Table III presents the model 
evaluation results for the Few-Shot Classification Report. 

TABLE III.  FEW-SHOT SENTIMENT CLASSIFICATION REPORT 

Class Accuracy Remember F1 Score Support 

Negative 0.85 0.96 0.90 23 

Neutral 0.93 0.74 0.83 35 

Positive 0.85 0.93 0.89 42 

Accuracy - - 0.87 100 

Macro Average 0.87 0.88 0.87 100 

Weighted Average 0.88 0.87 0.87 100 

Table III presents sentiment classification using the few-shot 
approach on marine tourism reviews using precision, recall, and 
F1-score metrics. The evaluation results show that the positive 
class has the highest precision value (0.40), indicating that the 
model is relatively more accurate in identifying positive 
sentiment. Conversely, the negative class has a lower precision 
value (0.24), reflecting the challenge in recognizing expressions 
of dissatisfaction that are often implicitly conveyed in user-
generated content. 

The overall accuracy value and macro-average F1-score of 
0.33 indicate that the model's performance is still at a moderate 
level, which is a common characteristic of zero-shot approaches 
without a specific training domain. To gain a deeper 
understanding of the classification error patterns, the numerical 
results are further visualized as a confusion matrix in Fig. 4. 

 

Fig. 4. Confusion matrix of sentiment classification without prior training 

(zero-shot). 

Next, to assess the effect of including labeled examples in 
the inference process, an evaluation was conducted using a 
some-shot learning scheme. This approach aims to improve the 
model's understanding of the context and boundaries between 
sentiment classes by providing a number of representative 
examples within the prompt. Fig. 4 presents the results of the 
sentiment classification performance evaluation using the some-
shot scheme in the form of a Zero-Shot Classification Report. 

The evaluation results of some-shot learning show 
significant performance improvements compared to the zero-
shot scheme. The accuracy value reached 0.87, with a macro-
average F1-score of 0.87, indicating that the inclusion of labeled 
examples in the prompts helps the model produce more stable 
and consistent predictions across sentiment classes. 

At the class level, negative sentiment demonstrated very 
strong performance with a recall of 0.96 and an F1-score of 0.90, 
indicating the model's high ability to comprehensively identify 
negative reviews. The positive class also displayed balanced 
performance, with a precision of 0.85, a recall of 0.93, and an 
F1-score of 0.89, reflecting the accuracy and completeness of 
predictions for positive sentiment. Meanwhile, the neutral class 
had the highest precision (0.93) but a lower recall (0.74), 
indicating that the model tends to be conservative in predicting 
neutral sentiment and more precise in targeting that class. 

Overall, the improvement in precision, recall, and F1-score 
values of the some-shot scheme confirms that the inclusion of 
contextual examples helps the LLM model better understand the 
boundaries between sentiment classes, especially in multi-aspect 
and ambiguous marine tourism reviews. This finding 
strengthens the argument that few-shot learning provides 
substantial benefits in improving the performance of aspect-
based sentiment classification without requiring full model 
retraining [27] , [28] . Fig. 5 shows the confusion matrix of the 
Few-Short Classification Report. 
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Fig. 5. Few-shot sentiment classification confusion matrix. 

Overall, the research results show that the proposed Large 
Language Model (LLM)-based marine tourism sentiment 
analysis framework is capable of providing a comprehensive 
understanding of user perceptions across various social media 
platforms. The aspect-based sentiment analysis (ABSA) 
approach enables the identification of key aspects that shape the 
tourist experience, while the integration of Explainable 
Artificial Intelligence (XAI) enhances the transparency and 
explainability of the analysis results. This combination makes 
the model not only effective in generating predictive sentiment 
but also interpretively accountable. 

The quantitative evaluation results show a clear performance 
difference between the zero-shot and some-shot schemes. In the 
zero-shot scheme, classification performance is moderate, 
reflecting the model's limitations in understanding the nuances 
of the marine tourism domain without the support of contextual 
examples. In contrast, the application of some-shot learning 
shows significant improvements in precision, recall, and F1 
scores across all sentiment classes. 

These findings confirm that the inclusion of a small number 
of labeled examples can help the model distinguish boundaries 
between sentiment classes more consistently, especially in 
multifaceted and ambiguous data sets. 

The XAI-based analysis strengthens the quantitative results 
by demonstrating that the resulting sentiment prediction model 
is supported by semantically relevant keyword contributions. 
The alignment between keyword contributions, sentiment 
polarity, and review context indicates that the model does not 
operate as a black box, but rather generates traceable and 
operational decisions. This provides significant added value for 
marine tourism analytics applications, where analysis results are 
often used as a basis for policy formulation or service 
improvements. 

Furthermore, cross-platform analysis shows that the 
proposed approach is able to adapt to the different characteristics 
of reviews on Google Maps, TripAdvisor, Instagram, and 
YouTube. Despite differences in language style, text length, and 
intensity of sentiment expression, the model still produces 
consistent sentiment patterns. These findings demonstrate that 
LLMs have good generalization capabilities to handle the 

heterogeneity of user-generated content in the marine tourism 
context. 

IV. CONCLUSION 

This study proposes a marine tourism sentiment analysis 
framework based on a Large Language Model (LLM) with an 
Aspect-Based Sentiment Analysis (ABSA) approach integrated 
with Explainable Artificial Intelligence (XAI). The results show 
that the proposed approach is able to identify key aspects in 
marine tourism reviews and effectively classify user sentiments 
on multi-aspect and informal user-generated content data. 
Quantitatively, the evaluation model shows a significant 
performance difference between the zero-shot and some-shot 
learning schemes. In the zero-shot scheme, the model achieved 
an accuracy of 0.33 with a macro-average F1-score of 0.33, 
reflecting the model's limitations in understanding the context of 
the marine tourism domain without the support of labeled 
examples. In contrast, the application of some- shot learning 
substantially improved the classification performance with an 
accuracy of 0.87 and a macro-averaged F1-score of 0.87, 
indicating that the inclusion of a small number of contextual 
examples in the prompt significantly improves the accuracy and 
consistency of sentiment predictions. Furthermore, the XAI 
integration results show that the predicted sentiment generated 
by the model is supported by the contribution of semantically 
relevant keywords and phrase evidence. The congruence 
between predicted sentiment, extracted aspects, and linguistic 
evidence enhances the model's transparency and interpretability, 
preventing the analysis from being a black box. These findings 
confirm that the proposed framework not only performs well but 
is also reliable as an analytical tool to support decision-making 
in marine tourism destination management. 

As a further development direction, this research could 
address increasing the scale and diversity of manual annotation 
data to strengthen quantitative evaluation and generalize the 
results. Future research could also explore more adaptive prompt 
engineering strategies, including varying the number and 
structure of examples in some-shot schemes, to optimize model 
performance on infrequent aspects. 
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