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The 36.98% growth in the quantity of electronic word of mouth (e-WOM)
over the past five years presents opportunities for the tourism industry to
understand tourists' needs and desires better when analyzed effectively.
Aspect-based sentiment analysis (ABSA) is proposed as a solution, as it can
identify the sentiment at a more detailed aspect level. Prior research revealed
two issues in ABSA: imbalanced datasets and poor performance in
representing implicit aspects and opinions. The authors proposed a
combination of the bidirectional and auto-regressive transformer (BART)
and bidirectional encoder representations from transformers (BERT) models.
Leveraging BART capability in modeling context and BERT expertise in
modeling text semantics and nuances, the author proposed an ABSA model
that combines BART and BERT using the ensemble method. The
experimental results reveal that combining these models significantly
enhances the performance of the ABSA model, with an F1-score reaching
70%. Furthermore, text augmentation and preprocessing did not bring
improvements in ABSA performance.
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1. INTRODUCTION

Electronic word of mouth (e-WOM) is an activity where experienced consumers share information
and recommendations online regarding certain vendors or products [1], [2]. The Statista survey reports that
TripAdvisor’s e-WOM witnessed an astounding 36.98% growth from 2018 to 2022. The survey further
highlights an annual increase in e-WOM quantity, with projections for continued rising in the upcoming
years. The growth undoubtedly presents opportunities for the tourism industry to understand the tourists'
needs and desires when analyzed effectively [3].

One form of e-WOM analysis is sentiment analysis, a natural language processing (NLP) task to
evaluate the text's sentiment [4]. However, sentiment analysis cannot be used to find out the specific aspects
reviewed by visitors. Therefore, aspect-based sentiment analysis (ABSA) is proposed as a solution so that the
sentiment of aspects contained can be identified [5]. For the tourism sector, ABSA is applied to understand
tourist sentiment towards certain aspects of a tourist attraction.

In ABSA research, the four main focus elements are aspect category (C), aspect term (A), sentiment
polarity (S), and opinion term (O) [6]. For instance, considering the sentence "the staff here is very
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friendly!", the relevant elements are "staff" (A), "service" (C), "quality of service" (O), and "positive" (S).
This allows companies to gain more meaningful and specific insight into customer evaluations.

Arianto and Budi [7] revealed that the proposed model performance is suboptimal. However, the
study does not specifically elucidate the reasons for this. Potential causes can be found in studies [8], [9],
where several issues are identified. The first issue is that the proposed model is sensitive to the imbalanced
distribution of data [9]. One of the datasets used is restaurant-ACOS, which has a data distribution heavily
skewed towards the quadruple type explicit aspect with explicit opinion (EAEO) at 64%, compared to the
other three types: implicit aspect with explicit opinion (IAEO), explicit aspect with implicit opinion (EAIO),
and implicit aspect with implicit opinion (IAIO). The second issue is the model's performance on quadruple
types containing implicit aspects or implicit opinions, which remains unsatisfactory. The model's
performance on the EAIO quadruple type in both datasets shows notably low figures, namely 23.4% for the
laptop-ACOS dataset and 20% for the restaurant-ACOS dataset. The IAEO quadruple type shows figures of
52.79% on laptop-ACOS and 43.87% on restaurant-ACOS, while the IAIO quadruple type shows figures of
29.79% on laptop-ACOS and 42.86% on restaurant-ACOS. The results from this study indicate that the
proposed model has not yet been able to represent implicit aspects or implicit opinions effectively. Hence, a
robust approach to imbalanced data and good characteristics in representing implicit opinions and aspects in
reviews is necessary to address these issues.

The previous approach that can be used as an alternative for imbalanced data problems is data
augmentation. Data augmentation helps achieve several goals such as regularization, reducing real-world
data, especially in privacy-sensitive domains, minimizing labeling effort, balancing imbalanced datasets, and
enhancing resilience to adversarial examples [10]. Shorten and Khoshgoftaar [10] revealed that data
augmentation cannot overcome all possible transformations and eliminate all types of bias in the data. As an
example of bias in data from research [10], if the dataset in a news classification task does not contain sports-
related articles, then the data augmentation method used based on that data set will most likely not produce
data related to sports articles, even if it is essential. Data augmentation can introduce supplementary,
undesirable biases that result in an inaccurate representation of the entire population. For instance, language
models like generative pre-trained transformer (GPT) can create biases that are then transferred into the
dataset such as the high correlation between the word “criminal” and male identity in the GPT-2 output, as
well as “God” and Christianity. This can cause the model to produce biased decisions [11].

There are various data augmentation techniques with varying complexity. However, complex data
augmentation techniques tend to be inefficient. Increased demand on resources, especially when training
generative models, is a natural part of data augmentation. To mitigate some of the limitations and maximize
the advantages of data augmentation, the authors propose improvements to existing data augmentation
approaches based on suggestions proposed in [12]. Longpre ef al. [12] stated that several data augmentation
techniques do not increase the performance of pre-trained transformer models such as bidirectional encoder
representations from transformers (BERT), robustly optimized BERT pretraining approach (RoBERTa), and
extra-long neural network (XLNet) on simple classification tasks. They hypothesized that data augmentation
techniques would only be useful if they could produce novel linguistic patterns that had never been
encountered before.

Meanwhile, a previous approach as an alternative to representing implicit opinions for mentioned
aspects in reviews is by combining bidirectional and auto-regressive transformer (BART) and BERT using
the ensemble method. Lewis ef al. [13] indicates that combining these two transformer models using
ensemble method significantly enhances the performance of transformer models to provide more robust and
efficient solutions for various NLP tasks. By integrating BART's strengths in modeling context and BERT's
strengths in understanding text' semantics and nuances, this approach can provide more comprehensive
performance across various NLP tasks. The ensemble [14] method's use enables the concurrent leveraging of
both models' strengths, thus diminishing each model's shortcomings and improving the performance of the
resulting model [15].

A factor that may contribute to the model's performance is the dataset quality [16]. In NLP tasks, it's
necessary to accurately represent the characters or words in each sentence to achieve high-quality data.
Conversely, poor data quality may affect the model's performance. Representing these units presents diverse
challenges depending on the language being processed and writing systems [17]. This known as text
preprocessing [18], needs to be applied to investigate the dataset characteristics that align with the proposed
model in handling the ABSA case and determining its significance.

Hence, this study objective was to address the identified shortcomings by leveraging transformer
language models. To the best of our knowledge, this initiative marks a novel approach to integrating BART
and BERT using an ensemble method, complemented by text augmentation and preprocessing, to address
ABSA challenges. The key contributions of this paper are as follows:

i)  Development of an effective transformer model for representing implicit aspects and opinions from
review texts.
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ii)  Significance of the text augmentation impact on the BART+BERT ensemble model.
iii)  Significance of the text preprocessing impact on the BART+BERT ensemble model.

The paper is structured in the following way: section 2 describes the proposed models and details
the experimental setup. Section 3 analyzes the results and evaluates the models’ performance. Finally,
section 4 concludes with a discussion of future work.

2. METHOD

This study proposes a novel ABSA model that integrates the strengths of two powerful transformer
architectures: BART [13] and BERT [19]. They are pre-trained language models (PLMs) with impressive
capabilities that are applicable to various NLP tasks. The proposed ABSA model leverages the
large language models (LLMs): BARTLARGE and BERTBASE uncased. Initially, both were designed as
general-purpose transformers, applicable to a broad range of NLP tasks. They serve distinct functions. BERT
is suitable for NLP tasks that require a deep understanding of semantics and language context, such as text
classification [20] and named entity recognition [21]. On the other hand, BART is ideal for NLP tasks that
involve text generation, such as text summarization [22], question generation [23], creative text generation
[24], and machine translation [13]. These models have been trained on massive datasets, enabling them to
capture the human language nuances.

This study introduced modifications to the model’s final (head) layer by appending the linear layer
to each pre-trained model. Instead of a single output neuron for sentiment classification (typical in single-
label tasks), the head is modified to have multiple output neurons, one for each possible sentiment label per
aspect. The next crucial step involves applying fine-tuning to prepare the LLMs for ABSA. In traditional
sentiment analysis, the task is typically single-label classification (e.g., positive, negative, and neutral).
However, ABSA tasks necessitate the model to discern aspects within the text and subsequently classify the
sentiment towards each aspect. Park et al. [23] encompasses six aspects, namely attractions, amenities,
accessibility, image, price, and human resources, as pivotal aspects of tourism. This multi-label classification
nature necessitates adjustments to the model. Fine-tuning entails adapting the pre-trained models to the
ABSA needs.

The subsequent step involves calculating the average class probabilities. This entails averaging the
probabilities predicted by the model across all labels to determine the overall likelihood of each sentiment
class. Computing these averages gains a more stable and reliable estimate of the sentiment for each aspect,
mitigating the impact of any single prediction's variability. Subsequently, the prediction employs these
averaged probabilities to ascertain the final aspects's sentiment classification. The model assigns the label
with the highest average probability, ensuring an accurate sentiment analysis. This method leverages the
averaged probabilities to make well-founded predictions, thereby enhancing the model's performance in
multi-label sentiment classification tasks. Figure 1 depicts the overall architecture of the model.

BART+BERT Ensemble Model
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Figure 1. The proposed BART+BERT model architecture

This study employed a dataset of Google Maps user reviews of the Borobudur Temple and
Prambanan Temple tourist attractions [7]. Reviews in this dataset use Indonesian, English, and some use both
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languages simultaneously. Therefore, language standardization was applied to the review text to English
which was based on BART's superior performance in text generation in English [13].

As shown in Table 1, the dataset is imbalanced, where the IAEO quadruple type holds more
prominence within both groups in contrast to the remaining quadruple types. Adopting an imbalanced dataset
can lead to biased model performance, the model's performance tends to be better only for the majority
quadruple type. Therefore, this study applies text augmentation to balance the dataset with the dominant type
amount, preventing the model from becoming biased towards the majority quadruple types. In this study, the
text augmentation techniques to be employed are word replacement, back translation, and random deletion,
considering that these are commonly used in text augmentation [25]. Moreover, based on research in
[26], [27], it is shown that these have a positive impact on model performance. In the back translation
technique, the chosen intermediary language is Chinese due to its established use in prior studies, which are
considered mature [28] and leverage the characters' extensive diversity, approximately 47,035, enabling the
addition of diverse sentence variations [29].

The exploratory data analysis revealed a substantial degree of character inconsistency within the
dataset, necessitating text preprocessing to investigate its impact on model performance. Therefore, this study
applies common text preprocessing techniques [18] that have established a beneficial effect on model
performance in prior research. These techniques include case folding [30], slang word conversion [31], digit
conversion, special character removal [32], stopword removal [33], lemmatization [34], and stemming [34].

Consequently, this study will examine the impact of different text augmentation and preprocessing
techniques on ABSA model performance. It aims to identify the most effective methods through independent
experimentation, implementing the superior text augmentation technique before evaluating each
preprocessing technique compared to the untreated dataset. To ensure the generalizability of the findings and
mitigate potential biases, this study utilize the normality test of the performance data using the Shapiro-Wilk
test within a 5-fold cross-validation framework. Subsequently, a non-parametric Wilcoxon signed-rank test
will be carried out to determine the statistical significance of any observed differences in performance
between the models across the folds.

Given the significant role of hyperparameters in model optimization, this study draws upon insights
from previous research [35]-[37] to define the hyperparameter settings. Apart from adopting several
hyperparameters' settings referred to prior research, the authors also implemented controlled trials and
analyzed the experimental results to optimize the hyperparameters' settings. Table 2 lists the optimal
hyperparameters.

Table 1. Number of quadruple types Table 2. Optimal hyperparameter settings for
per review group BART-BERT
Review group Quadruple type Parameter Values
EAEO EAIO TAEO IAIO Epoch 10
Borobudur temple 1,186 493 2,102 224 Batch size 32
Prambanan temple 1,246 679 2,302 309 Learning rate  3x10-5

We evaluate model performance using the F1-score, which is the harmonic mean of precision and
recall. Precision measures the ratio of accurately predicted aspect or opinion terms out of all the predicted
terms. In comparison, recall is defined as the ratio of correctly predicted aspect terms or opinion terms to the
total number of aspect terms or opinion terms in the dataset. We also utilize the flesch reading ease (FRE)
[38] and the gunning fog index (FOG) [39] to assess the readability and complexity of the textual data. The
FRE assigns a score from 0 to 100, where higher numbers mean the text is easier to read. The FOG index,
conversely, estimates the years of schooling needed to understand the text on a first reading. A higher FOG
score means the text is more complex, with a score above 14 generally considered difficult.

3.  RESULTS AND DISCUSSION
The proposed models' effectiveness was assessed through various experiments to evaluate their
capabilities. The following subsections show and analyze the model performance evaluation for ABSA.

3.1. Comparative analysis of ABSA model

Table 3 displays the model performance benchmarking. The results show that the proposed model
demonstrates a good capability to identify the aspect terms and evaluate sentiment polarity. The experiment
results showcased in Table 3 indicate that the BART+BERT ensemble model accomplished superior results
compared to recent approaches: BERT [19], k-nearest neighbors (KNN) [40], linear support vector machine
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(SVM) [41], radial basis function (RBF)-SVM [42], decision tree [43], random forest [44], multilayer
perceptron (MLP) [45], AdaBoost [46], naive Bayes [47], and quadratic discriminant analysis (QDA) [48].

Table 3. Performance of BART+BERT model vs. previous ABSA models

Model Precisiongaee Recallpmacro Flimacro
BART+BERT (proposed) 0.67 0.78 0.70
BERT 0.24 0.14 0.15
KNN 0.42 0.21 0.25
Linear SVM 0.05 0.06 0.05
RBF-SVM 0.31 0.11 0.13
Decision tree 0.28 0.15 0.17
Random forest 0.08 0.06 0.05
MLP 0.26 0.12 0.13
AdaBoost 0.45 0.25 0.3
Naive Bayes 0.11 0.22 0.12
QDA 0.13 0.87 0.15

However, it's crucial to acknowledge that the data distribution for the BART+BERT combination
deviates from normality. Similarly, the BERT model also exhibits a deviation from normal distribution.
Consequently, a non-parametric Wilcoxon signed-rank test assessed the statistical significance between the
proposed models and recent approaches, such as BERT [19]. This test yielded a p-value of 0.041, indicating
the p-value is less than a (0.05), which reveals that the observed difference in performance is statistically
significant. The proposed models' impressive capability makes it feasible to address the ABSA challenge to
extract the implicit terms, as depicted in Table 4.

Table 4 presents an overview of several findings obtained from the results of BART+BERT and
BERT. In the first instance, BERT identifies both "attraction" and "image" aspects with positive
sentiments, which does not align with the expected target. BERT fails to recognize that "must visit"
implies a recommendation without expressing a strong positivity. However, the BART+BERT model
successfully focuses on implicit opinion consistent with the overall context. On the other hand, in the
second instance, the BERT model inaccurately predicts the "attraction" and "image" aspects implied in the
text, capturing only the explicitly mentioned "price" aspect. Meanwhile, the BART+BERT model
successfully predicts the implied aspects despite the low readability and high complexity of the text, as
evidenced by its high FOG score (27.02) and low FRE score (18.02). The BART+BERT model effectively
captures the "Attraction" and "Image" aspects implied by the strong dissatisfaction with the high entrance
ticket prices to Borobudur. The results highlight the proposed model's excellence in addressing sentiment
analysis at the aspect level, showcasing its ability to discern and interpret various tourism aspects
contained within textual content, even in the context of low readability and complex sentences. The results
highlight the proposed model's excellence in addressing sentiment analysis at the aspect level, showcasing
its ability to discern and interpret various tourism aspects contained within textual content, even in the
context of low readability and complex sentences.

Table 4. Comparative ABSA task example

FRE  FOG Input text Predictions Target
BART+BERT BERT
82.81 5.84  "A must visit in Yogyakarta! Go for the sunrise for (Attraction, 0) (Attraction, 1), (Attraction, 0)
sure" (Image, 1)
18.02 27.02 "The entrance ticket for foreigners is very (Price, -1), (Price, -1) (Price, -1),
expensive, 350 thousand, local 50 thousand, very (Image, -1), (Image, -1),
expensive, it's no wonder tourists rarely come to (Attraction, -1) (Attraction, -1)

Borobudur, in Bali alone there are many interesting
and great tourist attractions to visit but the entrance
ticket price is not even 5x that for foreigners, very
disappointed came all the way from Bali to
Magelang bringing foreign guests"

3.2. Performance BART+BERT with text augmentation

Table 5 presents a comparative analysis of model performance across various text augmentation
techniques. The results imply that the original dataset without augmentation, demonstrates good
performance. The Wilcoxon signed-rank test obtained a p-value of 0.074 for word replacement, 0.078 for

Int J Artif Intell, Vol. 14, No. 6, December 2025: 4614-4622



Int J Artif Intell ISSN: 2252-8938 a 4619

back translation, and 0.074 for random deletion. Notably, all p-values are more than 0.05, indicating no
statistically significant difference in performance between the BART+BERT and untreated model. The study
found that augmenting the text often altered or even removed the specific tourism context crucial to the
reviews. This change in context resulted in the modification of the quadruple type, which consists of the
aspect term and opinion term. Consequently, this introduced noise rather than enhancing the dataset, leading
to no improvement in the model's ability.

Table 5. Performance of BART+BERT with text augmentation

Model Precisionmaco  ReCallpacro  Flmacro
Original 0.67 0.78 0.70
Back translation 0.44 0.55 0.40
Random deletion 0.43 0.52 0.38
Word replacement 0.43 0.52 0.38

3.3. Performance BART+BERT with text preprocessing

Table 6 showcases a comparative analysis of model performance employing different text
preprocessing techniques. The result points to the original dataset without preprocessing, demonstrating
effective performance. The Wilcoxon signed-rank test produced are as follows: case folding at 0.074,
slang word processing at 0.074, digit conversion at 0.074, stop word removal at 0.074, special character
removal at 0.078, lemmatization at 0.078, and stemming at 0.078. Since all p-values are more than 0.05, thus
there is no statistically significant difference in performance between the BART+BERT and untreated model.

Table 6. Performance of BART+BERT with text preprocessing

Model Precisionmacro  ReCallpacro  Flmacro
Original 0.67 0.78 0.70
Case folding (lowercasing) 0.56 0.35 0.40
Slang words conversion 0.56 0.33 0.39
Digit conversion 0.56 0.34 0.40
Special character removal 0.57 0.31 0.36
Stopword removal 0.47 0.23 0.27
Lemmatization 0.57 0.31 0.36

4. CONCLUSION

Our study reveals the superior performance of the BART+BERT ensemble model in analyzing
aspect-level sentiment. The Wilcoxon signed-rank test reveals that BART+BERT ensemble models
demonstrate significantly superior performance than non-ensemble models, with a p-value of 0.041, under
the significance threshold of a (0.05). Furthermore, achieving an F1-score of 70%, the proposed model
exhibited robust capabilities in recognizing and interpreting tourism-related aspects within reviews, even
amidst low readability and complex sentences. Furthermore, we investigated the impact of two
supplementary techniques, namely text augmentation and text preprocessing, on the capability of the
BART+BERT model. Surprisingly, neither technique brought improvements to the proposed model
performance. In concluding our study, we have demonstrated the effectiveness of the BART+BERT
ensemble model in ABSA, even in low readability and complex sentences. This underscores its potential as
an efficient solution for sentiment analysis in tourism reviews. However, for future work endeavors, we
recommend exploring domain-specific augmentation techniques for tourism-related data that can preserve the
quadruple type. Furthermore, future studies may also consider automating the hyperparameters configuration
for the BART+BERT ensemble model to maintain its performance edge in ABSA.
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