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Indonesian people often give contrary online reviews, for instance ratings that
do not always match the actual feelings. This can make it difficult for tourism
sector, such as Solo Safari, to handle complaints and improve service quality.
Consequently, this study has formulated a rating prediction model using the
XGBoost algorithm with a dataset of 2,047 reviews that have been relabeled.
The best model, the FastText-XGBoost with Cost-Sensitive Learning, signify
that it performs quite well with an average difference the prediction is only
0.04 points from the actual rating. However, the results are not optimal
because the meaning of the review text still feels fuzzy even though being
relabeled. This problem arises because reviewers tend to position sentiment
very positively or negatively in the moderate category, so the perimeters
between classes become less clear. This study then proposed an extreme class
restructuring by simplifying the category by removing the 3-star rating. This

Rating prediction method can increase the accuracy of the model to 0.9440 and clarify the
category limits. Therefore, the model can be used on the service dashboard to
help Solo Safari management respond to critical feedback faster.
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1. INTRODUCTION

The percentage of consumers who share online reviews is increasing enormously, making them
increasingly reliant on them [1]. In the tourism sector, the high reliance on online reviews stems from
consumers (in this case, tourists) who use reviews written by other travellers to help them plan their travel.
This behaviour is driven by the convenience of online reviews, which allow travellers to evaluate multiple
tourist attractions at once on a single platform [2]. Especially now that platforms like Google Maps offer a
variety of features that make it easier for them to express themselves or share online reviews [3]. The ease of
access and high volume of interaction on these platforms make them key tools for gauging public reaction,
especially when a destination undergoes a large-scale transformation. This phenomenon occurred at one of the
tourist attractions in Surakarta, Indonesia, namely Solo Safari. Following its revitalisation and official opening
on January 27, 2023 [4], this tourist attraction has seen a massive increase in visitor numbers [5]. This massive
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influx of tourists will naturally be directly proportional to the boost in online reviews on the Solo Safari Google
Maps page. The massive growth in online reviews on Solo Safari has made it an essential data source for
evaluating facility quality and public happiness with the new management.

Although online review data is, in actuality, quite abundant, efforts to explore it are often hampered.
The challenge is the discrepancy between the actual sentiment in the review text and the ratings given by
travelers [6], [7]. This phenomenon is more generally known as Text-Rating Review Discrepancy (TRRD) [8].
A rating prediction procedure can address this annoyance by predicting ratings that reflect the actual emotional
content of travelers' reviews [6]. In the initial stages of the procedure, the review must be validated through an
annotation process conducted by several annotators to ensure the dataset is suitable and to identify inconsistent
reviews early [8]. After several annotators finalized the annotation process, the agreement among the
annotations was first assessed using Fleiss' Kappa [9]. The annotation process then resumed by choosing the
final labels for the annotated results using a majority-vote scheme, after which any inconsistent entries in the
final dataset were eliminated. A dataset that has been validated through prior objective testing will first undergo
a preprocessing phase to regularize the textual data. This phase includes normalizing Indonesian slang, as well
as diminishing the use of words that are difficult for the rating prediction model to determinate (out-of-
vocabulary) [10]. The purpose of this step is to ensure that the review text is ready for vectorization and can be
optimally comprehended by machine learning (ML) algorithms.

One of the many commonly used text representation methods is Term Frequency-Inverse Document
Frequency (TF-IDF). Several studies have employed this method, combining it with classification or prediction
algorithms such as XGBoost [11], [12]. The combination of the two in these studies produced fairly good
results. Unfortunately, TF-IDF has been found to fail to capture the deep semantic meaning of text, so several
subsequent studies have suggested using word embeddings such as Word2Vec and FastText [13]. In that study,
word embeddings such as word2vec outperformed TF-IDF, and FastText achieved the best results of the two.
Based on the results of this study, in theory, FastText is indeed superior to the other three methods because it
can represent text at the subword level (character n-grams). As a result, this method can handle abbreviations,
typos, and out-of-vocabulary (OOV) words [14]. There is even a study that validates its performance when
combined with XGBoost, though it used FastText with TF-IDF to achieve optimal results [15].

Once the text representation was obtained, a well-known rating prediction model, such as XGBoost,
was applied to the dataset [12]. However, public review datasets often face the problem of an unbalanced
distribution across classes (imbalanced datasets), which can reduce algorithm performance. Although
oversampling techniques such as ADASYN are commonly used to synthesize data for minority classes [16],
the Cost-Sensitive Learning approach is recognized as an alternative to oversampling methods because it
prevents the manipulation or loss of original information in the dataset [12], [17]. This technique works by
directly imposing a larger penalty on the algorithm for each prediction error in the minority class.

Some challenges in this study, such as computational processes, can be overcome via text
representation and effective data balancing. However, a study spotlights a simple fact, even completed
annotation procedures remain liable to the annotator's subjectivity [18]. The high level of ambiguity in the
moderate or neutral category is the essential cause of this problem. A study also provides a comprehensive
finding indicating that more than 40% of online reviews contain contradictory emotions. Most of the sentiment
polarity issues were found in the neutral class [19]. This phenomenon occurs because users' emotional
expressions are frequently stronger or more powerless than neutral. As a effect, this moderate class acts as a
source of noise because it lacks clear sentiment edges and can directly pollute model performance [20].
Therefore, to address this noise, removing 3-star reviews can be proposed as an analytical strategy. In fact,
according to several studies, these have been shown to improve the accuracy of algorithmic predictions [20],
[21]. Therefore, this study will implement this strategy, compare feature extraction techniques, and compare
data balancing techniques to produce a representative and optimal model for evaluating tourist attractions.

2. METHOD

The methodology in this study was carefully prepared into four complementary phases to deliver an
objective evaluation process free of data leakage. A graphic representation of the research workflow is
illustrated in Figure 1, where the four steps are: data collection and initial data filtering; annotation and
consensus; text preprocessing; and, finally, analysing and comparing all modelling scenarios and conducting
class restructuring experiments.
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Figure 1. Research flow

Data Collection and Labelling

To begin this study, on February 27, 2025, the researchers collected data using the open-source Google
Maps Scraper Application Programming Interface (API) on the Apify platform [22]. From that platform, the
researchers obtained 10,000 Google Maps online traveler reviews for the Solo Safari destination.
Unfortunately, this dataset still contains some reviews that are not actually intended for Solo Safari, but for the
previous name, which is more specific, reviews posted before January 27, 2023. For the prevention of this
study dataset from covering the management period of Solo Safari before its revitalization, especially reviews
published before January 27, 2023, this study does not include such reviews. The researchers also selected
several data rows that lacked review text for exclusion, resulting in a total of 4,342 records to be labeled to
identify consistent and inconsistent reviews by three independent evaluators with academic backgrounds in
computer science. The agreement between the annotated results is calculated using Kappa Fleiss and yields a
value of 0.8274 indicating a "Almost Perfect Agreement" [9], [23]. These results are indirectly indicative of
this data worthy of further analysis. To objectively determine the dataset, the researchers used the annotators’
results, which were combined and evaluated using a majority voting scheme. In this voting process, the rule is
that if two annotators have labeled the data with comments indicating inconsistent reviews, the researchers will
remove it. If two annotators label the data as valid, it will be retained. Overall, this majority-vote process will
eliminate much of the invalid and noisy data. The final result of this process was that only 2,214 valid reviews
from Solo Safari visitors remained, ready to proceed to the next stage.

Text Preprocessing

The validated data is then split, and textual information is not extracted first. This is because the
textual data will first undergo a series of preprocessing steps, including case folding, removal of duplicate or
repeated characters, removal of emojis, removal of punctuation marks, normalization, and removal of
stopwords [10], [12], [24]. To standardize or address slang, a specialized dictionary was used in this study
[10], [25]. It should be noted that when removing stopwords, the researchers also created a separate dictionary
of negation terms to preserve all negation words during the stopword removal process. This adjustment was
justified because removing those negative words could alter the sentiment polarity of the reviews and affect
their emotional context [12], [26], retaining them also helped the model map the sentiment orientation of the
reviews more accurately. In this study, the author performed a process known as stemming, because affixes in
Indonesian vocabulary often carry specific sentiment connotations that are essential to predictive analysis [27].
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Finally, the researchers removed reviews consisting of fewer than three words, as retaining them would not
provide sufficient information. The result of this series of processes is 2,047 cleaned review data points ready
to be converted into vectors.

Feature Extraction and Imbalance Handling

After a lengthy preprocessing phase, the dataset was divided into 5 parts, maintaining the proportions
of each class as in the original dataset, using Stratified k-Fold Cross-Validation. This splitting process occurs
before the text reviews are converted into numerical vectors, as it also divides the dataset into training and test
sets. This splitting is also intended to ensure a more stable evaluation and prevent data leakage [28], [29]. Once
the dataset is divided into its constituent parts, text reviews are extracted and vectorized using feature extraction
techniques. All model parameters and feature extraction methods were determined through iterative
experimental testing to align with the characteristics of the review data. Since this stage also involves
comparative experiments, three feature extraction methods were applied: the statistical TF-IDF approach (N-
grams 1-2, minimum count 2) [11], [12], and word embedding methods such as Word2Vec and FastText [13],
[15], [30]. The results of the final experiment on the Word2Vec parameter indicated that the best performance
on this dataset was obtained with the Skip-Gram architecture, 200 vector dimensions, 5 context window sizes,
minimum count 2, and 50 training epochs. This setting is also used in FastText. However, in FastText, the
model is reconfigured to recognize features down to the subword level with an emphasis on N-Gram of 2. Once
the vector results are obtained, the XGBoost algorithm process begins. Prior to that, this study also compared
two approaches separately, namely ADASYN oversampling [16] and Cost-Sensitive Learning to balance class
distributions [12], [17].

Model Training and Evaluation

The data that has been extracted using TF-IDF, Word2Vec, and FastText is further processed with the
XGBoost algorithm [12], [31]. This algorithm uses a maximum tree depth of 5, a learning rate of 0.05, a
subsample of 0.8, and regularization parameters of alpha 0.1 and lambda 2.0. XGBoost can be used to compare
feature extraction techniques and data balancing methods to get the best combination. Each model was
evaluated in each iteration, then the three highest-performing models were tested using the nonparametric
Wilcoxon Signed-Rank Test with a p < value of 0.05 [32], [33]. The purpose of this test is to ensure that the
difference in performance between models is significant and not accidental. The final result will determine the
most optimal model. However, in this case, a class restructuring will be implemented and further evaluated to
determine whether conflicting sentiments actually exist. If necessary, this study then performs class reduction
to eliminate the noisiest classes and analyze them further [19], [20], [21]. It then compares the results with
those from the best 5-class experiment. The results of all tests will also be evaluated from a business
perspective.

3.  RESULTS AND DISCUSSIONS

Before the dataset was ready for training with XGBoost, in accordance with the research protocol, the
researchers preprocessed it by clearing rows with empty columns and excluding all reviews posted before
January 27, 2023. The annotators then labeled the dataset as “valid” or “drop.” At this stage, all data that had
been removed was approved by a majority vote, resulting in a total of 2,214 reviews being retained. Of those
2,214 reviews, 2,047 were retained after preprocessing. An immediate analysis of the dataset revealed that the
data distribution was highly skewed. The majority category is dominated by 5-star reviews (1,151), in stark
contrast to the minority category, the neutral 3-star category, with only 102 reviews. An overall breakdown of
the data distribution after preprocessing is shown in Table 1. After this process, the researchers applied 5-fold
stratified cross-validation to ensure the model could adapt to differences in data distribution.

Table 1. Class distribution in the dataset after preprocessing

Star Rating Number of Reviews Percentage
1 318 15.54%
2 148 7.23%
3 102 4.98%
4 328 16.02%
5 1151 56.23%

Impact of Annotator Validation and Negation Word Handling
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The first-stage evaluation was conducted by comparing the model’s training results on a dataset of
4,342 initial reviews with the results on the annotated dataset. The results showed a significant difference.
Models trained on a noisy dataset with inconsistent reviews achieved only 52-55 percent accuracy. These
results stand in stark contrast to those of models trained on annotated datasets, which showed an improvement
of 73-75 percent. This condition proves that Solo Safari reviews are full of noise and urgently need relabeling.
Specifically, the complete results of the comparison of the three feature extraction methods with the baseline
XGBoost model, applied to the dataset both before and after annotation, are presented in Table 2.

Table 2. Comparison of models before and after annotation

Method Accuracy (Before F1-Score (Before Accuracy (After F1-Score (After
Annotation) Annotation) Annotation) Annotation)
XGBoost + TF-IDF 0.5297 0.5060 0.7365 0.7113
XGBoost + Word2Vec 0.5502 0.5298 0.7483 0.7304
XGBoost + FastText 0.5415 0.5229 0.7542 0.7410

The next experiment was designed to analyze the impact of modifying the stop-word dictionary,
specifically by retaining negation words to preserve the integrity of the text representation. As is common in
many preprocessing steps, negation words such as "Tidak" or "Kurang" are often automatically removed
because they are considered to have no particular weight; however, removing them can distort the review's
sentiment. The researchers then conducted a direct analysis of the Solo Safari dataset (ID 2190). They found
that the review contained several negative statements, such as "panas, ga ada angin sama sekali, pertunjukan
umum kurang bagus karna satpam kurang sopan...". In this review, if the word "ga, kurang" is omitted then the
sentiment directly changes to a different meaning. The review will read: “panas, ada angin, pertunjukan umum
bagus karna satpam sopan”. Sentiments that initially have a negative tone can turn into positive. This change
in sentiment also reverses direction, where mathematically the direction of the vector changes causing the
model to misclassify. So that this explanation is not indicated based only on one data, the researcher shows a
comparison of the use of negation shown in Table 3.

Table 3. Impact of negation word handling on xgboost performance

Accuracy (Without Accuracy (With
Method Negation Handling) Negation Handling) Delta (4)
XGBoost + TF-IDF 0.7365 0.7523 +0.0158
XGBoost + Word2Vec 0.7483 0.7660 +0.0177
XGBoost + FastText 0.7542 0.7684 +0.0142

Comparison of Feature Extraction and Distribution Inequality

This study tested TF-IDF, Word2Vec, and FastText separately to determine the most effective feature
extraction method. The test results in Table 3 indicate that FastText performs best with an average accuracy of
0.7684 and an F1 score of 0.7571. This performance is influenced by FastText's ability to understand word
representation up to the subword level so that it is able to produce vectors better than other methods. This
capability makes it more adaptable at reconstructing words that contain typos, abbreviations, slang, or even
terms outside its vocabulary. The overall results of this test are shown in Table 4.

Table 4. Comparison of feature extraction method performance

Method Average Accuracy Average F1-Score
XGBoost + TF-IDF 0.7523 0.7322
XGBoost + Word2Vec 0.7660 0.7492
XGBoost + FastText 0.7684 0.7571

As mentioned earlier, the Solo Safari dataset suffers from significant class imbalance, which requires
careful handling. The researchers then compared the ADASYN approach, Cost-Sensitive Learning, and the
baseline model. All three were applied directly to the model that performed best in the previous experiment,
namely the XGBoost-FastText combination. The evaluation results are presented in Table 5, which shows that
applying Cost-Sensitive Learning achieved the best results. Controlling the XGBoost algorithm with
asymmetric weighting improved its sensitivity to the minority class. These results are the opposite of those for
ADASYN, because synthesizing synthetic data in overlapping class areas further undermines the linear
boundaries established by FastText.

Table 5. Evaluation of data inequality handling fasttext and XGBoost model

Method Average Accuracy Average F1-Score
XGBoost + FastText 0.7684 0.7571
XGBoost + FastText + ADASYN 0.7543 0.7578

XGBoost + FastText + Cost-Sensitive Learning 0.7719 0.7641




576 Ramadhan, et. al. / J. Soft Comput. Explor., Vol. 7, No. 3, September 2026: 571-580

The results in Table 5 show that Cost-Sensitive Learning outperformed the other two scenarios in
terms of both Accuracy and F1-Score. However, the overall Wilcoxon Signed-Rank test yielded a p-value
above the 0.05 threshold, indicating that the observed differences were not statistically significant. The overall
test results are shown in Table 6. Despite this, the stability of the F1-Score remains a critical indicator of the
model effectiveness in handling minority classes. Overall, the combination of FastText, XGBoost, and Cost-
Sensitive Learning remains the best-performing configuration, albeit by a narrow margin compared to other
scenarios.

Table 6. Results of the wilcoxon signed-rank test

Scenario p-value for accuracy  p-value for F1-Score Notes
Baseline compared to Cost-Sensitive 0.8125 0.4375 Insignificant
Baseline compared to ADASYN 0.1875 1.0000 Insignificant
Cost-Sensitive vs ADASYN 0.1250 0.6250 Insignificant

Evaluation of Prediction Models and Class Restructuring Experiments

The performance of the combination of the FastText and XGBoost models with Cost-Sensitive
Learning requires more comprehensive analysis. The performance of this model can be assessed by examining
the confusion matrix, which visualizes the distribution of predicted labels. The confusion matrix for this best-
performing model scenario is shown in Figure 2.
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Figure 2. Global confusion matrix (fasttext, cost-sensitive, and XGBoost scenarios)

As revealed in Figure 2, the model indicates good performance in predicting classes with extreme
polarity. In this case, the 5-star class gained the highest recall score. Consistent predictions then followed these
results in star class 1, which means negative sentiment. This confirms that the weight punishments used in
Cost-Sensitive Learning effectively reduce false negatives. Thus, really negative reviews are not easily
misclassified or willy-nilly given to other sentiment categories. Although the algorithm can perform optimally
on extreme classes, the matrix analysis also reveals a prediction bias that, as shown in the visualization, is
concentrated in the middle classes. Like the 3-star class, this class has been shown to have the highest
classification error rate. Based on Figure 2, of the 102 actual data points in this 3-star class, the model accurately
predicted only 8 reviews. The majority of the data in this class (63 reviews) were incorrectly predicted as 4-
star, and the rest were distributed across other classes. This prediction error was caused by the 3-star class
being characterized by contradictory sentiment.
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To provide a more comprehensive explanation in clarify these arguments, the researchers explored
sentiment patterns in the Solo Safari online review dataset for 3-star-rated areas. The observation was
conducted to uncover texts that are starkly contradictory within the same label. As seen in the review with ID
295, the visitor expressed positive sentiment about the service, stating, "Secara servis ok, pelayanan & staf ok
ramah helpful". However, in the following sentence, the visitor offered sharp, negative criticism of the facilities
and animal care, stating, "... Lahan parkir sempit... Binatang masih sedikit... Harimau & singa tampak kurus
kurang terawat". A similar pattern of contradiction can also be found in ID 999, where visitors praise facilities
such as "... kesannya lbih mewah dan lebih bersih. pelayanan jg ramah" which then clashes with complaints
about prices in the statement "... tiket jadi mahal... harganya mehong... Tidak cocok untuk kaum mendang-
mending". The nature of 3-star reviews, which blend extreme sentiments, causes the subword embeddings in
FastText to process opposing weights simultaneously. This situation causes the algorithm to lose clear decision
boundaries, resulting in a vector representation that is quite ambiguous for the 3-star class. A ten-dimensional
feature plot of the FastText features that most influence the XGBoost algorithm's decision-making process is
shown in Figure 3.
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Figure 3. Top ten feature dimensions

The graph in Figure 3 shows only the global feature dimensions (such as 97 and f190) that the
XGBoost algorithm relies on most heavily to distinguish among all sentiment classes. The high Gain scores on
these dimensions demonstrate that the model is indeed capable of identifying strong discriminating features for
predicting review classes. However, even though the model can identify those crucial features, the confusion
matrix in Figure 2 shows it still fails to classify the 3-star class. This failure was not caused by a weakness in
the XGBoost model, but rather by the ambiguous vectors in the 3-star class. No matter how well the XGBoost
model determines decision boundaries at dimensions f97 or f190, the data vectors for 3-star sentiment
contradictions will always fall outside these boundaries. Ultimately, the 3-star review is expected to fall into a
different category. The feature space's inability to accommodate these contradictory sentiments forms the
primary basis for this study's approach to class restructuring and reduction.

This class restructuring experiment was then carried out in stages, beginning with simplifying the
dataset into negative, neutral, and positive sentiment classes. The dataset was then simplified by combining 1-
and 2-star ratings into the negative sentiment class, 3-star ratings into the neutral sentiment class, and 4- and
5-star ratings into the positive sentiment class. The application of the best prediction model in this study to the
restructuring strategy yielded an accuracy of 0.8896 and an F1-score of 0.8825. These prediction results do
indeed suggest that restructuring can improve the model's performance. However, these results are not yet
optimal, as maintaining the 3-star rating still introduces some noise. Therefore, a subsequent experiment was
conducted to eliminate this Class 3 star category from the previous scheme. Therefore, it contains only binary
sentiment (positive and negative).

The 3-star class elimination strategy was then applied to improve the performance of the XGBoost
prediction model. As it turned out, the model achieved an accuracy and an F1 score of 0.9440. This
improvement in the F1 score from 0.8825 to 0.9440 indicates that the 3-star class constitutes noise that can
disrupt the algorithm's logic. Thus, grouping classes into a binary sentiment classification and removing the 3-
star category can make this model more stable and better at handling sentiment ambiguity.
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Business Implications and Service Evaluation

The significance of the predictive model also needs to be further examined in terms of its potential
application in Solo Safari's future operations. In this study, the initial dataset had an average score of 4.11.
However, after data cleaning, it turned out that the dataset weights had changed due to the elimination of data
during the cleaning and annotation processes. The distribution across classes also changed, thereby affecting
those average weights. In fact, 5-star ratings declined significantly, ultimately causing the average value in the
cleaned dataset to drop to 3.90. The researcher then calculated this average based on the results of the best
model in this study to determine the average rating of the predictions for the 5-class scenario. In fact, that
average score could rise to 3.94. The difference between the two is only 0.04 points, which actually shows that
the model is quite objective and its results are very close to the actual score.

Although it has proven quite accurate from an analytical standpoint, the integration of this predictive
model into the Solo Safari management dashboard should initially be positioned as a prototype decision-
support system. A binary two-class classification scenario can serve as a practical framework for executives to
monitor sentiment trends more quickly. Meanwhile, the operations team can still use the five-category system
as an additional reference for monitoring daily complaints. Using these two frameworks can help operational
teams recognize the potential for sentiment evaluation bias in the middle class. As a first step, implementing
this model still requires direct user evaluation by the Solo Safari management team. Testing in a real-world
operational environment must be conducted first to assess the extent to which this model can assist in the daily
service evaluation process. Once it has passed a comprehensive feasibility test, this model could be integrated
into the service dashboard as an additional tool to help companies respond to visitor feedback more
systematically.

4. CONCLUSION

This study can be concluded that the rating prediction model based on XGBoost has been successfully
developed in improving the evaluation of Solo Safari visitor satisfaction. With success supported by FastText,
Cost-Sensitive Learning, annotation processes, with negative word handling. The main model combining
FastText and Cost-Sensitive XGBoost has produced predictions by approaching the average on the original
rating, which has a difference value of just 0.04 points. However, the performance is not optimal because there
are still many problems with inconsistent online reviews. These challenges cannot be adequately addressed
simply by increasing computing power alone, this study proposes that restructuring and class reduction be
adopted as the primary strategies. To improve the quality of predictions, neutral reviews with a rating of 3 were
not used in this study. In this study, the data used consisted of only two main sentiment categories: positive
and negative. This scheme demonstrates excellent model performance, as evidenced by an accuracy and F1-
score of 94.40%. Both the 5-class and 2-class strategies can be applied and tested first to the Solo Safari
management dashboard with different functions. The 2-class scheme serves as a diagnostic report for
executives, and the 5-class scheme can be used by operational teams.

XGBoost does indeed provide a robust modeling foundation. The problem is that the limitations of
this model can obstruct a semantic understanding. Future research could explore pre-trained Transformer
models such as BERT to address that matter. Also it is suggested to explore tourism-related datasets on a
broader scale, beyond Solo Safari. Exploring other datasets can help assess the consistency of this performance
across various text patterns. A more comprehensive dictionary of negation terms is also needed to expand the
range of negation words. Also, future research could involve linguists with more specialized expertise to reduce
noise early on during the annotation stage, thereby maximizing the quality of the feature representations.
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