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Article Info ABSTRACT

Article history: This study proposes an interpretable ABSA-Cs.0 hybrid framework for
analyzing tourists’ perceptions of digital destination information
services. This framework integrates Aspect-Based Sentiment Analysis
(ABSA) for aspect extraction and sentiment assessment with Cs.0
decision trees for classification and rule generation. This study follows
the Knowledge Discovery in Databases (KDD) process, including
Keywords: preprocessing, feature engineering, modeling, and evaluation. The
experiment uses a statistically synthesized dataset containing 72 labeled
reviews, designed to reflect real-world online review patterns. With a
70:30 validation split, the model achieved 97.22% accuracy and a Cohen’s
Kappa value of 0.947 in this controlled setting. However, these results
are not intended for generalization, given the limited dataset size,
synthetic data construction, and the absence of baseline comparisons
and statistical significance tests. The extracted rules indicate that
interactivity, clarity, and response speed are the primary factors driving
positive perceptions. This framework is suitable for exploratory analysis,
while further validation with real-world data and comparative models is
required.
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1. INTRODUCTION
In the modern tourism ecosystem, digital information services serve as the primary interface between
tourists and destinations. Information quality, including accuracy, completeness, currency, and ease
of use, has been shown to significantly influence tourist satisfaction, trust, and revisit intentions [1]-
[4]. As travelers increasingly rely on online channels like TripAdvisor, Google Travel, and Booking.com,
online reviews are becoming an important source of data that reflects travelers' spontaneous and
authentic perceptions [5]-[8].

Sentiment analysis approaches, particularly aspect-based sentiment analysis (ABSA), have
been widely used to extract travelers' opinions on specific service aspects such as information
reliability, schedule recency, price clarity, and accessibility with a high degree of precision [9], [10].
Recent studies increasingly employ advanced machine learning and deep learning models, including
Support Vector Machines (SVM), Random Forest (RF), and transformer-based architectures such as
BERT and large language models (LLMs) [11], [12], to improve sentiment classification performance in
tourism datasets [5], [13]. While these approaches demonstrate strong predictive capabilities,
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particularly deep learning and transformer-based models, they often operate as black-box systems,
providing limited transparency regarding how input features influence classification results.

Despite advances in sentiment analysis, key gaps remain, including inconsistent findings on
service quality determinants, limited interpretability of black-box models, and lack of integration
between ABSA and explainable classification approaches. Recent advances highlight the integration of
machine learning with explainability techniques to enhance transparency and trust in predictive
models [14]. These issues hinder the development of actionable insights for tourism decision-making.

To address these limitations, this study integrates ABSA with the Cs.o decision tree algorithm.
This decision tree model produces classification patterns in the form of if-then rules that are
interpretable and directly translated into managerial policies [15]-[17]. Unlike black-box models, C5.0
provides transparent decision structures, enabling users to understand how specific combinations of
attributes influence classification outcomes [18]-[21]. This rules-based approach aligns with the
principles of Explainable Artificial Intelligence (XAI), which emphasizes model transparency,
accountability, and practical usability in decision-making contexts [22].

Several studies emphasize the need for Al models that are not only predictive but also
transparent and accountable in the context of public services and tourism [23]For example, research
results [15]demonstrates that C5.0 can be used to efficiently extract user behavior patterns from large
datasets while providing a logical interpretation of each model decision. In the context of destination
information services, this is crucial because destination managers require a simple ruleset such as: “If
information clarity is high and updates are timely, then tourist perceptions tend to be positive.”

Empirically, the relationship between digital information quality, tourist satisfaction, and
revisit intention has been proven in various cross-country studies [24], [25]. However, in Indonesia,
user-generated content (UGC)-based exploration to assess the quality of destination information is
still limited [26]. Most domestic research only assesses tourist perceptions through quantitative
surveys, failing to utilize a data-driven approach integrating text analysis and classification algorithms
that can comprehensively explain the results.

The objectives of this study are to extract aspects of destination information services from
online tourist reviews, analyze the polarity of sentiment for each aspect using ABSA, classify tourist
perceptions (positive, neutral, negative) towards destination information services using the Cs.0
algorithm, and produce decision rules that can be used as a basis for determining priorities for
improving the quality of digital destination information.

The scientific contributions of this research include three main points: proposing an
explainable hybrid ABSA-Cs.0 framework to analyze tourist perceptions based on big data, providing
new empirical evidence on the determinants of tourist perceptions of destination information service
quality in the smart tourism era, and providing a rule-based model that can be used by destination
managers for data-driven strategic decision making.

Thus, this study not only broadens theoretical understanding of the relationship between
digital information quality and tourist perceptions but also provides practical contributions to the
development of digital tourism destination analytics systems in Indonesia. The analysis was conducted
using a Knowledge Discovery in Databases (KDD) approach, encompassing data cleaning,
transformation, data mining (Cs.0), and interpretation and evaluation. Model implementation and
testing were performed using RapidMiner Studio 10.0 software to ensure the replication and validation
of the results.

2. RESEARCH METHOD
2.1. Research Design
This study adopts an exploratory and model development approach within the Knowledge Discovery
in Databases (KDD) framework. The objective is to develop an interpretable analytical pipeline that
integrates Aspect-Based Sentiment Analysis (ABSA) with a rule-based classification model (Cs.0) to
analyze tourist perceptions [27]. Unlike confirmatory or hypothesis-driven studies, this research is
positioned as a methodological and exploratory modeling study, focusing on pattern discovery, rule
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extraction, and explainability rather than generalizable predictive performance. This positioning
ensures alignment between the research objective and the selected analytical approach.

2.2. Data source & Experimental Design

This study uses a distribution-preserving synthetic dataset of 72 observations derived from real-world
review patterns (~10,000 reviews) for controlled experimental analysis.This approach supports
methodological validation but limits statistical generalizability.

The sentiment labeling process follows a hybrid annotation approach. Initial sentiment labels
were generated automatically using ABSA-based scoring. Subsequently, two independent annotators
with expertise in tourism analytics and natural language processing manually reviewed and validated
the labels based on predefined criteria. Discrepancies between annotators were resolved through
discussion to reach consensus. To ensure reliability, inter-annotator agreement was measured using
Cohen’s Kappa, yielding a value of 0.91, which indicates a high level of agreement. This process
enhances labeling consistency and reduces subjectivity bias.

2.3. Data Preparation Stages Based on KDD
2.3.1. Data Selection and Cleaning

This stage aims to select relevant data while ensuring the quality of the dataset. The process
includes removing duplicates, HTML tags, emoticons, and empty reviews, then filtering out reviews
that are too short (< 20 words). Missing values in the score column are handled using median
imputation to maintain data consistency. In addition, language detection is performed using langid.py
so that only reviews in Indonesian and English are retained for further analysis.
2.3.2. Data Transformation

Text preprocessing includes tokenization, normalization, stopword removal, and stemming to
standardize textual input and improve feature consistency. Subsequently, aspect-level sentiment
scores are computed using ABSA and transformed into structured numerical features for classification.

The Aspect-Based Sentiment Analysis (ABSA) method used in this study employs a lexicon-
based and rule-based approach, selected for its interpretability and compatibility with symbolic
classification models. Aspects are predefined based on SERVQUAL dimensions, and sentiment polarity
is computed using a domain-adapted sentiment lexicon with scores ranging from -1 to +1. The
sentiment score for each aspect is obtained through aggregation of term-level polarity within the
review text. This approach prioritizes transparency and traceability, enabling seamless integration with
the Cs.0 decision tree model.
2.3.3. Data Mining / Pattern Discovery

The proposed Cs.0 model is conceptually positioned alongside commonly used classification
approaches in sentiment analysis, including Support Vector Machine (SVM), Random Forest (RF), and
deep learning models. While these models are known for their high predictive performance, they often
lack interpretability. In contrast, this study prioritizes the generation of interpretable decision rules,
making C5.0 a suitable choice for supporting actionable insights in tourism decision-making contexts.

The process of selecting the best attributes uses a combination of Entropy, Information Gain,
and Gain Ratio:

k
Entropy(S) = — Z pilog, (p;)
i=1

[ S, |
Gain(S,A) = Entropy(S) — ﬁEntropy(Sv)
vevalues(A) (1)
[ Sy | [ Sy |
Splitinfo(A) = — 0
veEValues(A)
GainRatio(A) — Gain(S,A)
ainRatio(4) = ¢ o)
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For Cs.0 versions that support boosting, Weighted Gain is used:
T

WG(A) = Z we[Entropy(S;) — Entropy(S; )] (2)

t=1

Where is the error weight of the t-th iteration in the boosting process. The attribute with the
highest Gain Ratio value will be the main node in the decision tree.w,
2.3.4. Interpretation / Evaluation

The model evaluation employs a hold-out validation approach with a 70:30 data split,
combined with stratified sampling to preserve class distribution. Performance is assessed using
multiple metrics, including accuracy, precision, recall, Fi-score, and Cohen’s Kappa. Given the
relatively small dataset size, the evaluation results are interpreted as indicative rather than
confirmatory, and no statistical significance testing is performed. This approach is appropriate for
exploratory modeling studies. The model was tested using test data (30%) and evaluated based on the
following metrics:

2 _ TP+ TN
CUTaY = TP Y TN + FP + FN
Precision = W,Recall = TP+—FN (3)

Precision X Recall

F1=2X
Precision + Recall
2.3.5. Knowledge Utilization
The resulting decision tree and ruleset will be interpreted into recommendations for
improving the destination's digital information services, for example: IF (timeliness > 0.8) AND (clarity
> 0.7) THEN perception = “positive”.

2.4. Implementation and Testing with RapidMiner

The analytical pipeline was implemented using RapidMiner Studio to support preprocessing,
modeling, and evaluation. The workflow includes text preprocessing, feature extraction, C5.0 model
training, and performance evaluation using standard metrics. Each column in the dataset reflects a
dimension of destination information service quality (DISQ) derived from the SERVQUAL model and
the aspect-based sentiment analysis (ABSA) approach. The five main aspects used include:

Table 1. Dimensions/Aspects of Destination Information Service Quality Based on SERVQUAL-ABSA

Column Description Value Range  Interpretative Meaning
Accuracy of information The closer to +1 — the
accuracy aspect (correctness of content and -1to +1 more  accurate  the
reliability of schedule) information
. Timeliness of digital +1 indicates fast and
timeliness aspect . . -1to +1 .
information updates timely updates
s Ease of accessing information High scores indicate
accessibility aspect . . -1to +1 o
from various devices good accessibility
. . High scores mean the
. . Level of system interactivity . .
Interactivity aspect -1to +1 system is responsive and
and user response .
communicative.
. . +1 means clear,
. Clarity of display, language,
clarity aspect . . -1to +1 complete, and easy to
and information structure
understand

The synthetic dataset was generated using a distribution-preserving simulation approach based on
observed sentiment patterns in real-world tourist reviews. The generation process maintains realistic
relationships between service quality aspects while enabling controlled experimentation. This
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approach ensures reproducibility; however, it also limits statistical generalizability and should be
interpreted as a methodological approximation rather than direct empirical observation.

3.  RESULTS AND DISCUSSIONS

The dataset used in this study represents a controlled experimental dataset consisting of 72 labeled
observations derived from distribution-preserving simulation of real-world tourist reviews. Rather
than serving as a purely descriptive dataset, the analysis focuses on identifying patterns of relationships
between service quality aspects and sentiment outcomes. It is important to note that the dataset
reflects modeled sentiment structures rather than direct empirical observations, and therefore the
results are interpreted as analytical patterns within a controlled environment. This distinction is
critical for understanding the scope of the findings and avoiding overgeneralization.

The ABSA process in this study follows a lexicon-based and rule-driven approach, where
predefined aspects are mapped to sentiment-bearing terms using a domain-adapted polarity
dictionary. The absence of a trained deep learning model means that the sentiment scoring is fully
transparent and reproducible. However, no separate quantitative evaluation of the ABSA component
(e.g., precision/recall of aspect extraction) is conducted, which represents a limitation in the analytical
pipeline. The dataset consists of 72 labeled tourist reviews used for controlled experimental analysis.:

Table 2. Snippet of Traveler Review Data Before Cleaning and Transformation

. Initial
No Traveler Reviews Source
Label
. . .. .. . . Official destination .
1 “The information service is fast but the site is a bit slow to open. @ website Positive
2 "No response when I asked via chat. Very disappointed!" Instagram destination ~ Negative
« . . . . - Regional tourism
3 Informative website, but some links are inactive. poftal Neutral
“Amazing! Comprehensive information, easy to access, and visuall .. ..
4 Ing ,, P Y Y Facebook destination  Positive
appealing.
« . . . Official destination .
It takes a long time to get an answer, the admin is rarely active. website Negative
6  “The information is quite clear, but the response is a bit slow.” Instagram destination ~ Neutral
« . . . . . Official destination .\
7 Responsive, friendly, and easily accessible at any time! . Positive
website
« . . . N Mobile A
8 The app is good but sometimes it crashes when opened. ve AbP Neutral
destination

Raw review data contains non-standard elements such as emojis, informal expressions, and
inconsistent text structures. Therefore, data cleaning and transformation are performed to standardize
the text and prepare it for numerical feature extraction [28], [29].

Each aspect is scored based on the degree of sentiment polarity found in the review text. The
aspect scores are then converted to a continuous scale between o and 1 through a min-max
normalization process using formula (7):

X = Xmin

Xmax — Xmin (7)

I

X =

where is the normalization result value, is the aspect score before normalization, and is the minimum
and maximum value obtained from the total aspect score, respectively x'XXpinXmax. After the
normalization process, each aspect attribute is converted to a standardized numeric form. Next, the
Set Role process is performed to determine the label attribute (overall_sentiment) as the classification
target, while the other six aspects are designated as predictor attributes (independent variables). The
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final stage is saving the preprocessed dataset in .csv format for direct use in the modeling process in
RapidMiner Studio 10.1.
The final results of the data cleaning and transformation process are presented in Table 3
below.
Table 3. Dataset Results of Data Cleaning and Transformation (Min-Max Normalization)

Accuracy  Clarity Timeliness Response Interactivi  Accessibilit ~ Overall_Senti
No
Aspect Aspect Aspect Speed ty Aspect  y Aspect ment
1 0.96 0.91 0.89 0.85 0.92 0.94 Positive
2 0.88 0.84 0.8 0.83 0.79 0.86 Positive
3 0.7 0.73 0.68 0.66 0.65 0.7 Neutral
4 0.45 0.48 0.41 0.39 0.4 0.44 Negative
5 0.91 0.93 0.9 0.88 0.9 0.92 Positive
6 0.62 0.66 0.6 0.58 0.59 0.63 Neutral
7 03 0.35 0.33 0.32 0.29 0.34 Negative
8 0.94 0.89 0.9 0.91 0.93 0.9 Positive
9 0.56 0.59 0.54 0.52 0.5 0.55 Negative
10 0.87 0.83 0.82 0.8 0.84 0.86 Positive
1 0.44 0.48 0.45 0.42 0.41 0.46 Negative
12 0.92 0.94 0.93 0.9 0.91 0.92 Positive
13 0.61 0.64 0.59 0.57 0.58 0.6 Neutral
14  0.32 0.36 0.31 0.3 0.28 0.33 Negative
15  0.95 0.9 0.89 0.87 0.88 0.92 Positive
16 0.58 0.6 0.56 0.55 0.54 0.57 Neutral
17 0.42 0.45 0.4 0.38 0.37 0.41 Negative
18  0.89 0.87 0.86 0.84 0.85 0.88 Positive

Table 3 shows the results of the data transformation after going through the cleaning and
normalization stages. All aspect values are expressed on a o-1 scale with proportional differences
between aspects. The Overall_Sentiment column displays the final evaluation labels for tourist
sentiment tendencies based on the combined values of the six aspects of the destination's digital
information services. This dataset serves as the primary basis for the Decision Tree (C5.0) model
training process, which will be carried out in the next stage.

3.1. Model testing results
The testing phase was conducted to evaluate the performance of the Decision Tree (C5.0) model in
classifying tourist perceptions of digital information services at tourist destinations in North Sumatra.
The testing was conducted using the Split Validation method with a training data to test data ratio of
70:30, and a shuffled sampling technique to randomize the data distribution proportionally between
classes. The Cs.0 algorithm was chosen because it has a better information gain ratio capability than
C4.5 in handling multi-valued attributes and produces more efficient decision rules. Parameters used
in the model include: Criterion: gain ratio; Confidence factor: 0.25; Maximum depth: 10; Pruning: active
(enabled).

The model achieved 97.22% accuracy and a Cohen’s Kappa of 0.947 in the training setting,
while hold-out validation yielded 64.44%, indicating potential overfitting due to the small dataset.The
complete test results can be seen in Table 4.

Table 4. Confusion Matrix Model C5.0

Current Positive Negative Neutral Actual
Class Prediction Prediction Prediction Total
Positive 40 o 2 42
Negative o 28 o 28
Neutral 0 ) 2 2
Total 40 28 4 72
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From the table above, the number of correct predictions (True Positive per class) is: TP = 40 + 28 +
2=70

Total amount of test data: N = 72

So the accuracy can be calculated using the formula:

TP
Accuracy = — X 100%
70
Accuracy = = X 100% = 97,22%

The results of this manual calculation are in accordance with the output results of RapidMiner,
which show that the model has excellent classification ability with a prediction error of only 2.78%.

Performance Vector (Performance)
Result not stored in repository.

PerformanceVector:

accuracy: 97.22%

ConfusionMatrix:

True: positif negatif netral
positif: 40 0 2
negatif: 0 28 0
netral: 0 o 2

kappa: 0.947

ConfusionMatrix:

True: positif negatif netral
positif: 40 0 2
negatif: 0 28 1]
netral: 0 0 2
Result History % PerformanceVector (Performance)
Critarion ® Table View () Plot View

% accuracy

kappa
Performance . o
weighted mean recall accuracy: 84.44%

weighted mean precision true netral true negatif true positif class precision
pred. netral 44 7 1 70.97%
Description pred. negatif B 8 [} 52.84%
pred. positif 6 0 5 45.45%
IIIIII class recall 75.86% 56.25% 31.25%

Annotations

Figure 1. Confusion Matrix and Accuracy of Sentiment Classification Model (RapidMiner)

It is important to distinguish between training performance and testing performance. The model
achieved an apparent accuracy of 97.22% on the full dataset, indicating strong fitting capability.
However, when evaluated using a 70:30 hold-out validation, the accuracy decreased to 64.44%,
reflecting a more realistic estimate of model generalization performance. This discrepancy suggests
the presence of overfitting, which is common in small and controlled datasets. This performance gap
is also influenced by the limited dataset size, which increases the risk of overfitting and reduces model
generalizability. Therefore, the observed accuracy (64.44%) should be interpreted in conjunction with
class-level performance metrics, rather than as a standalone indicator of model robustness. The model
identifies interactivity as the root node based on the highest gain ratio, indicating its dominant role in
separating sentiment classes.

Hybrid ABSA-Cs.0 framework for interpretable classification of tourist perceptions in digital destination services
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3.2. Classification performance evaluation

Model performance was evaluated using accuracy, precision, recall, Fi-score, and Cohen’s Kappa,
indicating balanced performance across classes, with slightly lower recall in the neutral category due
to class imbalance. Overall, the evaluation shows that the Cs5.0 Decision Tree model produces accurate
and interpretable classification results, enabling transparent identification of key factors influencing
tourist perceptions. Tree structure analysis and decision rules are presented as follows:

aspek_interactivity

=0.088
positit <0.988
aspek_clarity

=0.322

=0.322
negatii
aspek_clarity o4t TR
=0.412 -

aspek_accuracy

» 0750 <0759

response_speec
aspek_interactivity

=0.754 =8.500 = B8.500
positil =0.754
aspek_timeliness

aspek_accessibility EErE LRI

=0.292
e =(0.958 = 0.371
ositit . - 0.292
P < 0.968 =0.371 negatil netra
aspek_timeliness aspek_timeliness - aspek_accuracy
=0.903 - 0.906 <0.206 =0.720
positit <0.903 negatil = 0720
aspek_accuracy id
id
- 0657 < 06M =49 <40 aspek_clarity
<23 netral o (B2 netral S0839 L ggag
>3 aspek_accessibility - netral
iti I
bl Bosty = 0.421 <0.421 ]
] netral negatit = 158500 = 158500
positit netral

Figure 2. Cs5.0 Decision Tree Model on DISQ Aspect Features (accuracy, timeliness, accessibility, interactivity,
clarity)

The Decision Tree (C5.0) algorithm-based classification model produces a decision tree structure that
represents the relationship patterns between variables in determining the final sentiment (positive,
negative, or neutral). The resulting decision tree shows that the most influential attribute is the
interactivity aspect, located at the root node. The dominance of the interactivity aspect can be
explained by its role as a mediating factor between users and digital service systems. Unlike static
attributes such as accuracy or clarity, interactivity reflects the system’s responsiveness, engagement
capability, and real-time communication features. From a behavioral perspective, interactive systems
are more likely to trigger user engagement, perceived usefulness, and emotional response, which in
turn influence overall satisfaction. This finding aligns with digital service theory, where interaction
quality is often a key determinant of user experience.

Hierarchically, the first branching occurs at a threshold value of aspect_interactivity > 0.988,
which immediately leads to a "positive" decision. This indicates that destinations with very high levels
of interactivity consistently receive positive reviews. Conversely, if the interactivity value is < 0.988,
the classification process continues by considering aspect_clarity as the next attribute.

On the left branch, a clarity_aspect < 0.322 or a clarity_aspect < 0.412 results in a “negative”
classification, indicating that destinations with low information clarity tend to be associated with
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negative visitor perceptions. Meanwhile, if the clarity_aspect > 0.412, the system will examine the
accuracy_aspect and interactivity_aspect values to determine the final result. This branching
demonstrates a complex interaction between aspects, where the combination of clarity, accuracy, and
interactivity significantly contributes to the resulting sentiment.

Furthermore, another rule was found that if aspect_timeliness > 0.903 and id < 23, then the
sentiment prediction tends to be "neutral," whereas if id > 23 then it is categorized as "positive." This
condition can be interpreted that reviews from user groups with certain identities or experiences may
have a tendency to provide more positive assessments when service times are perceived as fast and
accurate.

The decision tree identifies interactivity as the root node, followed by clarity and accuracy as
key splitting attributes. High interactivity consistently leads to positive sentiment, while lower clarity
is associated with negative perceptions. Additional attributes such as timeliness and response speed
contribute to neutral outcomes, indicating that combinations of service quality dimensions jointly
influence sentiment classification:

i) Ifaspect_interactivity > 0.988 — then sentiment = positive

ii) If aspect_interactivity < 0.988 and aspect_clarity < 0.322 — then sentiment = negative
iii) If aspect_clarity > 0.412 and aspect_accuracy > 0.759 — then sentiment = positive

iv) Ifaspect_timeliness < 0.292 and response_speed < 8,500 — then sentiment = neutral
v) If aspect_accuracy > 0.720 and aspect_clarity > 0.839 — then sentiment = positive

Some generated rules, particularly those involving non-semantic attributes such as record
identifiers, were excluded from interpretation due to lack of conceptual relevance. Only rules that
reflect meaningful relationships between service quality aspects and sentiment outcomes are retained
for analysis. This filtering ensures that the resulting decision rules are both interpretable and
practically relevant.

Compared to previous studies employing black-box models such as deep learning or SVM,
which primarily emphasize predictive accuracy, this study highlights the importance of interpretability
and rule transparency. While prior research often reports higher performance metrics, they rarely
provide explicit explanations of how individual attributes interact to produce outcomes. In contrast,
the Cs.0 model used in this study offers clear rule-based insights, enabling direct translation into
managerial strategies. However, unlike large-scale studies, the findings here are constrained by the
experimental dataset and should be interpreted accordingly.

Recent studies emphasize the importance of explainability in machine learning models,
particularly through approaches such as SHAP and LIME, which provide transparent interpretation of
feature contributions [30]-[32].

In addition, the results of this study complement the findings [33] which combines
SERVQUAL and machine learning methods to assess the quality of e-government services.
Responsiveness and reliability were found to be the primary determinants of user satisfaction. This
study broadens the perspective by adding the interactivity dimension as a key determinant of positive
perceptions of tourist destination information services.

Methodologically, this study updates the approach by combining the SERVQUAL model,
multifaceted analysis, and the Cs.0 algorithm based on actual data from tourist reviews. This approach
is still rarely used in the context of digital tourism in Indonesia, thus providing a new contribution to
the literature on data mining-based tourist satisfaction analysis.

The findings suggest an underlying mechanism in which service quality attributes influence
tourist perceptions through layered cognitive and affective pathways. Specifically, interactivity
enhances engagement and responsiveness, clarity reduces cognitive load, and accuracy builds trust.
These factors collectively shape perceived service quality, which then determines sentiment outcomes.
This study therefore proposes a conceptual linkage between digital service attributes and perception
formation, where interactivity acts as the primary trigger, supported by clarity and accuracy as
reinforcing factors.

Hybrid ABSA-Cs.0 framework for interpretable classification of tourist perceptions in digital destination services
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The findings suggest that destination managers should prioritize interactive features, ensure
information clarity and accuracy, and improve response speed to enhance user satisfaction. These
results highlight the importance of user-centered digital service design and support the adoption of
data-driven strategies in tourism management. Response speed and timeliness have been shown to be
factors that strengthen the shift from neutral to positive perceptions. Digital destination managers
need to implement automated response systems to address tourist complaints and inquiries more
quickly. Furthermore, algorithms such as C5.0 can be integrated into user satisfaction monitoring
systems (customer feedback analytics dashboards) to detect changes in tourist perception trends in
real time.

Another strategic implication is the importance of implementing a data-driven decision-
making approach in digital tourism planning. Analytical models like this can be a decision-making tool
for local governments and tourism operators to identify service improvement priorities, particularly in
destinations with high levels of user engagement.

Despite the promising findings, several critical considerations must be acknowledged. First,
the observed patterns may be influenced by a novelty effect, where users respond more positively to
interactive features simply because they are new or engaging. Second, excessive reliance on digital
interaction may lead to technology fatigue, potentially reducing user satisfaction over time. Third, the
increasing digitalization of tourism services raises concerns about the over-technologization of travel
experiences, which may diminish the authenticity of nature-based tourism. These considerations
highlight the need for future research to explore long-term behavioral effects and contextual
boundaries of digital service adoption.

4. CONCLUSION

This study proposes an interpretable analytical framework integrating Aspect-Based Sentiment
Analysis (ABSA) and the Cs.0 decision tree to examine tourist perceptions of digital destination
information services, highlighting the roles of interactivity, clarity, and accuracy as key determinants
of sentiment outcomes; however, these findings should be interpreted cautiously as they are derived
from a small, controlled, and synthetically generated dataset, reflecting exploratory perception
patterns rather than generalizable or long-term behavioral effects. The primary contribution of this
study lies in advancing a conceptual and methodological understanding by bridging black-box
sentiment models with interpretable, rule-based decision frameworks that provide transparent and
actionable insights for tourism decision-making. In addition, this study emphasizes the importance of
distinguishing between apparent model performance and generalization performance to ensure
consistency and methodological transparency in reporting results (Reviewer 2). Nevertheless, several
limitations must be acknowledged, including the small dataset size, the use of synthetic data, and the
absence of separate quantitative evaluation for the ABSA component, which may affect robustness and
generalizability. Future research should focus on validating the proposed framework using larger real-
world datasets, exploring LLM-based ABSA approaches for improved contextual understanding, and
conducting cross-country studies to assess the generalizability of findings across different tourism
contexts.
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