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1. INTRODUCTION

In the current digital era, society has been empowered to provide assessments and reviews of
various services through specific applications. These reviews serve as windows for other users to understand
the experiences provided by previous individuals. A prime example is hotel reviews, which serve as valuable
feedback for hotel management [1]. From these reviews, they can identify areas where they have excelled, as
well as aspects that require improvement. In the context of hotel reviews, sentiment analysis plays a crucial
role in understanding the implied meanings behind each comment. It involves not only counting the number
of positive and negative reviews but also sensing the emotional nuances contained within them. By
understanding the sentiment behind reviews, hotel managers can respond more effectively to the needs and
expectations of their customers [2]. However, in the context of sentiment analysis of reviews in Bahasa
Indonesia, the challenge becomes more complex. Most existing sentiment analysis models have been trained
with data in English, while hotel review data in Bahasa Indonesia is not as readily available. Therefore, the
use of data augmentation techniques in sentiment analysis is necessary to increase the number of hotel
reviews in Indonesian language [3]. One technique that can be used to augment review data is back
translation, which involves translating text into a foreign language and then translating it back into the
original language [4], [5]. This method not only increases the number of available reviews but also helps
maintain the core message intended by the author.
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Sentiment analysis is a technique used to identify, extract, and understand sentiments contained
within text [6]-[8]. The main goal of sentiment analysis is to determine whether a piece of text contains
positive, negative, or neutral sentiment. The texts analyzed can take various forms. Sentiment analysis can be
performed at several levels. The research conducted by [9] falls under document-level sentiment analysis.
Sentence-level sentiment analysis has been done in [10]. For aspect-level sentiment analysis, also known as
aspect-based sentiment analysis, it is conducted by [11]. Several methods have been used to perform sentiment
analysis in Indonesian. Commonly used methods include random forest (RF) [12], support vector machine
(SVM) [12]-[14], k-nearest neighbor (K-NN) [15], [16], ensemble classifier [17], and Naive Bayes [18].
Additionally, sentiment analysis applications have often been used in various cases, such as analyzing
satisfaction in teaching [13], [19], public sentiment in elections [20], [21], social media analysis [22]-[24], and
sentiment related to COVID-19 [22], [25], [26].

As one of the data augmentation techniques, back translation has been previously used for tasks
related to text mining such as text classification, machine translation, and sentiment analysis. This technique
involves translating text from its original language into a target language, and then translating it back into the
original language. By doing so, back translation introduces diversity into the dataset and enriches it with new
linguistic patterns and expressions. Several studies have applied this technique to address natural language

processing (NLP)-related issues. For instance, in sentiment analysis, back translation has been
employed to augment data, leading to improved model performance [27]. Cohen et al. [28], the study employs
back translation in the task of social network hate detection. The use of back translation for text classification
in Chinese language is conducted by [4]. Kurniawan and Budi [29] applies translation mechanism as one form
of increasing dataset variation in offensive language detection. Luo et al. [30], the study combines back
translation with transfer learning to address machine translation with low resource data.

Given the importance of reviews in the hospitality industry and the need to understand the sentiment
behind them, this research aims to conduct sentiment analysis on Indonesian-language hotel reviews. We will
implement back translation techniques as part of the data augmentation process, with the hope of providing a
more comprehensive and accurate insight into users' experiences in their own language. This research aims to
investigate the influence of using back translation as a data augmentation technique on sentiment analysis.
Three machine learning algorithms are used in creating the sentiment analysis model: multinomial naive
bayes (NMB), support vector machine, and random forest. The dataset used contains three sentiments that
may be contained within a review: positive, negative, and neutral.

To achieve this goal, the research is conducted in several stages presented in the following
sequence. Section 1 explains the background, issues, and related research concerning the use of back
translation in sentiment analysis. Section 2 describes the methods employed in conducting this research. The
research scenario, experimental results, and discussion of the findings are presented in section 3. Finally,
section 4 is used to conclude this research.

2. METHOD
2.1. Data acquisition

This work utilizes a dataset obtained from the study of [10]. The dataset was obtained from the hotel
booking service website Traveloka. The dataset consists of hotel review data with positive, negative, and neutral
sentiments. The details of the dataset include 430 positive data, 430 negative data, and 860 neutral data.

2.2. Back-translation

After obtaining the data, data augmentation process is conducted using the back translation
technique. This technique involves translating the data into a target language, then translating the resulting
translated data back into the original language. By performing this process, the dataset is doubled in size
compared to the initial dataset. This research translates the data into English as the target language. With this
re-translation, it is expected to generate an expansion of words obtained from the translation process.

2.3. Data preprocessing

Data preprocessing stage is carried out to reduce noise in the data used and also to produce a better
data representation. This stage is performed after the back translation process so that the resulting back
translation dataset also undergoes the same preprocessing process. Some stages performed in preprocessing
include case folding, removal of special characters such as numbers, punctuation marks, and white spaces,
tokenization, stopwords removal, and ending with stemming.
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2.4. Feature extraction

Feature extraction is used to transform text representations into numeric ones so that they can be
used in sentiment analysis models. This research uses bag-of-word representation, specifically Unigram type,
where each element in the unigram vector represents the occurrence of a single word in the document.
Meanwhile, the word weighting used is TF-IDF. This word weighting aims to indicate how important the
word is in the document, represented by a numerical weight.

2.5. Model

The development of the sentiment analysis model in this research utilizes three machine learning
algorithms, namely multinomial naive bayes, support vector machine, and random forest. Additionally, to
assess the impact of back translation, this study implements the k-fold cross-validation mechanism with a
value of k=10. The use of k-fold cross-validation aims to make the performance evaluation generated by the
model more objective. Furthermore, the application of this technique can prevent the model from overfitting
to the dataset. Model evaluation is conducted using accuracy, precision, recall, and F1 score metrics. This
evaluation is performed for each fold for each sentiment analysis model.

3. RESULTS AND DISCUSSION
3.1. Experiment scenario

This study is divided into 3 scenarios based on the datasets used. By applying back translation to the
dataset, two types of datasets can be obtained, namely the original dataset without back translation process
and the dataset resulting from the back translation process. Thus, the experimental scenarios of this study are
based on the datasets used to build its sentiment analysis model. The three experimental scenarios are as
follows:

— Scenario 1: development of the sentiment analysis model using only the original dataset. The results of
this scenario are used as the baseline performance.

— Scenario 2: development of the sentiment analysis model using only the dataset resulting from back
translation.

— Scenario 3: development of the sentiment analysis model using a combination of the original dataset and
the dataset resulting from back translation.

By implementing three experimental scenarios, this study aims to analyze the impact of back
translation on sentiment analysis. The comparison of results across different datasets provides insights into
how back translation influences model performance, dataset diversity, and linguistic complexity. These
findings can serve as a foundation for future research on enhancing sentiment analysis using data
augmentation techniques.

3.2. Experiment results

Scenario 1 applies 10-fold cross-validation using the original dataset without any additional data
from back translation, with results summarized in Tables 1-2 and Figure 1. Scenario 2 evaluates the dataset
generated through back translation using the same validation method, with performance results shown in
Tables 3-4 and Figure 2. Scenario 3 combines the original dataset with the back-translated dataset to assess
the effectiveness of data augmentation in improving model performance, with results detailed in Tables 5-6
and Figure 3. Comparison of these scenarios provides insights into how different dataset variations influence
classification performance, particularly in terms of accuracy and F1 Score.

Table 1 and Table 2 present the performance results for the first scenario, comparing the accuracy
and F1 Score of different classification algorithms. Based on these results, the Random Forest algorithm
achieved the best performance with an average accuracy of 0.809 and an average F1 Score of 0.806,
indicating its ability to balance precision and recall effectively. SVM also demonstrated competitive
performance, achieving an average accuracy of 0.805 and an average F1 Score of 0.805. In contrast,
multinomial Naive Bayes recorded the lowest performance, with an average accuracy of 0.766 and an
average F1 Score of 0.758, making it the least effective algorithm among the three. To further highlight the
performance differences, Figure 1 presents a bar chart comparing accuracy and F1 Score, where Figure 1(a)
shows that Random Forest and SVM perform similarly, while Multinomial Naive Bayes lags behind.
Figure 1(b) reinforces this pattern in the F1 Score, visually confirming the trends observed in Table 1 and
Table 2.

Table 3 and Table 4 present the performance results for the second scenario, showing that the
Random Forest algorithm achieved the best accuracy and F1 Score. The Random Forest algorithm recorded
the highest average accuracy at 0.8106, followed by SVM with 0.8013, while Multinomial Naive Bayes had
the lowest accuracy at 0.7609. A similar trend is observed in the F1 Score metric, where Random Forest
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leads with an average of 0.8077, followed by SVM at 0.7987, and Multinomial Naive Bayes with the lowest
score of 0.7538. To enhance the clarity of these comparisons, Figure 2 visualizes the accuracy and F1 Score
differences, with Figure 2(a) depicting the accuracy variations across models, while Figure 2(b) illustrates the
F1 Score distribution, emphasizing the consistent gap in performance.

Table 1. Scenario 1 accuracy results
Fold Multinomial naive bayes  Support vector machine  Random forest

1 0.80814 0.848837 0.860465
2 0.767442 0.80814 0.802326
3 0.802326 0.837209 0.837209
4 0.738372 0.802326 0.796512
5 0.709302 0.796512 0.761628
6 0.773256 0.773256 0.77907
7 0.773256 0.761628 0.80814
8 0.719298 0.783626 0.789474
9 0.80117 0.830409 0.847953
10 0.766082 0.812865 0.807018
Average 0.765864 0.805481 0.808979

Table 2. Scenario 1 F1-score results
Fold Multinomial naive bayes  Support vector machine  Random forest

1 0.802665 0.848591 0.860675
2 0.758333 0.804357 0.797321
3 0.797685 0.836139 0.836656
4 0.725604 0.798332 0.793648
5 0.701322 0.793826 0.756218
6 0.765186 0.766968 0.773735
7 0.765856 0.756507 0.805451
8 0.712057 0.781929 0.784048
9 0.793219 0.827398 0.846503
10 0.758022 0.812341 0.806791
Average 0.757995 0.802639 0.806105
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Figure 1. Scenario 1 comparison result (a) accuracy and (b) F1 score

Table 3. Scenario 2 accuracy results
Fold Multinomial naive bayes  Support vector machine  Random forest

1 0.802326 0.848837 0.866279
2 0.760234 0.830409 0.842105
3 0.789474 0.836257 0.859649
4 0.748538 0.766082 0.74269
5 0.736842 0.77193 0.760234
6 0.74269 0.783626 0.807018
7 0.748538 0.748538 0.789474
8 0.77193 0.795322 0.812865
9 0.760234 0.830409 0.80117
10 0.748538 0.80117 0.824561
Average 0.760934 0.801258 0.810605
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Table 4. Scenario 2 F1-score results
Fold Multinomial naive bayes  Support vector machine  Random forest

1 0.798902 0.848203 0.865972

2 0.751796 0.828475 0.840295

3 0.785175 0.83521 0.859247

4 0.743237 0.764793 0.741902

5 0.722921 0.765692 0.754386

6 0.734183 0.777636 0.801257

7 0.743353 0.747244 0.787283

8 0.763883 0.792596 0.805023

9 0.753536 0.828435 0.80084

10 0.740977 0.798621 0.821117

Average 0.753796 0.798691 0.807732
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Figure 2. Scenario 2 comparison result (a) accuracy and (b) F1 score

Table 5 and Table 6 present the performance results for the third scenario, showing that the Random
Forest algorithm once again outperformed the other algorithms. The random forest algorithm achieved the
highest average accuracy of 0.9072 and an average F1 Score of 0.9067. Consistent with the trends observed
in scenario 1 and scenario 2, SVM ranked second with an average accuracy of 0.8623 and an average F1
Score of 0.8614, while Multinomial Naive Bayes recorded the lowest performance with an average accuracy
of 0.8136 and an F1 Score of 0.8099. To provide a clearer comparison, Figure 3 illustrates the performance
differences among the models, with Figure 3(a) depicting accuracy variations and Figure 3(b) highlighting
the disparities in F1 Score.

Table 5. Scenario 3 accuracy results
Fold Multinomial naive bayes  Support vector machine  Random forest

1 0.830904 0.868805 0.921283
2 0.827988 0.883382 0.915452
3 0.836735 0.87172 0.906706
4 0.798834 0.857143 0.932945
5 0.795918 0.854227 0.892128
6 0.813411 0.845481 0.912536
7 0.822157 0.880466 0.897959
8 0.810496 0.87172 0.897959
9 0.821637 0.856725 0.885965
10 0.777778 0.833333 0.909357
Average 0.813586 0.8623 0.907229

3.3. Discussion

Based on the results obtained from scenarios 1 to 3, the use of a combined dataset, incorporating
both original data and back-translated data, produced the highest performance. This is evident from the
consistently superior average accuracy and F1 Score values observed in scenario 3 across all algorithms.
Additionally, random forest emerged as the best-performing algorithm in every scenario. To provide a clearer
comparison of performance across scenarios, Figure 4 summarizes the average accuracy and F1 Score results,
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where Figure 4(a) highlights the accuracy differences, and Figure 4(b) visualizes the variations in F1 Score,
reinforcing the advantage of using the combined dataset.

Table 6. Scenario 3 F1-score results
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Fold Multinomial naive bayes Support vector machine Random forest
1 0.828065 0.867799 0.920257
2 0.823663 0.882973 0.915181
3 0.831887 0.870651 0.905857
4 0.795421 0.855944 0.932758
5 0.792271 0.852563 0.891542
6 0.812353 0.845521 0.91237
7 0.819219 0.879481 0.897685
8 0.80485 0.871185 0.897354
9 0.817588 0.856523 0.885338
10 0.773466 0.831572 0.908804

Average 0.809878 0.861421 0.906714
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Figure 3. Scenario 3 comparison result (a) accuracy and (b) F1 score
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Figure 4. Comparison of average (a) accuracy and (b) F1 score for each scenario

The impact of using back translation in sentiment analysis can improve the performance of model

evaluation. There are several reasons influencing the improvement in model performance. These reasons include:

Larger data variation: back translation generates new variations in the data used. These new variations
can help the model learn sentences or words that do not appear in the original dataset. Back translation in
this study provided 321 new word features not found in the original dataset.

Increased robustness: related to sentences or words that do not appear in the original dataset, this can
increase the model's resistance to overfitting. The variation in the dataset being learned helps prevent the
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model from memorizing small details from each training data used. Thus, the model will be more focused
on the general patterns of a class and reduce the possibility of overfitting.

— Higher complexity: the combination of original and back-translated datasets provides sentences with
more complex grammar and writing styles. This can make the model adapt to the complexity of the
learned sentences.

The number of features obtained using different datasets in each scenario conducted results in quite
different amounts. In scenario 1, the generated word features amount to 2,176; scenario 2 produces 1,696-
word features, while scenario 3 produces 2,497-word features. The difference in the number of features is
caused by several factors, including:

— Limitations in back translation: the back translation process does not always generate word variations that
match the words in the original dataset. Some words or phrases may not be translated correctly or have
fewer variations in other languages.

— Reduction of information in the translation process: in the translation process, some words may be lost or
not translated word by word if they have direct equivalents in other languages.

— Differences in vocabulary: different languages have different vocabularies. Some words or phrases in the
original language may not have direct equivalents in the language used in the back translation process,
thereby reducing the number of words features generated.

4.  CONCLUSION

This study analyzes sentiment in Indonesian hotel reviews using classic machine learning
algorithms: multinomial naive bayes, support vector machine, and random forest. To enhance model
performance, back translation is applied to generate synthetic data, leading to three research scenarios based
on different datasets: the original dataset, the back-translated dataset, and a combination of both.
Experimental results show that the combined dataset consistently outperforms the other two scenarios, with
the random forest algorithm achieving the best performance. Back translation significantly improves model
evaluation by enriching the dataset with diverse patterns, enhancing model robustness, and improving
generalization. It introduces higher linguistic complexity, helping the model adapt better. Additionally,
variations in word features among the scenarios-2,176 in the original dataset, 1,696 in the back-translated
dataset, and 2497 in the combined dataset-highlight its substantial impact on dataset structure and diversity.
Thus, back translation is proven to enhance sentiment analysis model performance while significantly
altering dataset characteristics.
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