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Abstract. In the hospitality industry, feedback reviews play a vital role in shaping 

perceptions and influencing decision-making. These reviews are not only 

valuable for stakeholders but also serve as important information resources, for 

instance, to improve customer satisfaction. However, the large volume of 

unstructured data poses challenges for the industry. This study addresses these 

challenges by implementing an aspect-based sentiment analysis (ABSA) 

approach to evaluate service quality, which is an advanced approach to sentiment 

analysis from Natural Language Processing (NLP). ABSA not only identifies the 

sentiment polarity of text but also important elements in feedback, including 

terms, categories, opinions, and sentiment polarity. Using IndoBERT, an 

Indonesian language pre-trained model of BERT, and feedback data from 

Indonesian hotels, the study classifies sentiments into "positive" and "negative" 

categories. Results from IndoBERT demonstrate impressive performance in this 

classification task, achieving an accuracy of 98.55% and an F1 score of 98.78%. 

This indicates its effectiveness in capturing the nuances of sentiment in 

Indonesian text. Additionally, the study employs a quality analysis approach 

utilizing a Pareto Diagram to prioritize issues. The Pareto 80/20 principle helps 

identify the 20% of aspects that contribute most significantly to 80% of customer 

dissatisfaction. The results suggest that management should pay attention to the 

aspects of services and beverages to improve customer satisfaction. By 

combining ABSA, IndoBERT, and the Pareto method, this study enhances 

sentiment analysis and supports informed decision-making based on data. 

Keywords: Aspect-Based Sentiment Analysis, BERT, Hotel Reviews, Pareto 

Diagram, Quality Tools. 

1 Introduction 

In the digital era, feedback reviews in customer surveys play a crucial role in shaping 

perceptions and influencing customer decisions, including those in the tourism and ac-

commodation industries. The feedback is input for management to improve quality and 

information resources for prospective customers. However, a method that accurately 
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analyzes the feedback will be necessary because of the unstructured and abundant data. 

One approach uses sentiment analysis (SA), a branch of text mining. SA is used to 

understand the entities' opinions, feelings, and attitudes, such as products, services, and 

events [1]. The advanced task of sentiment analysis is Aspect-Based Sentiment Analy-

sis (ABSA). ABSA identifies sentiment polarity and specific aspects of the opinion 

target that encompass important elements, including terms, categories, opinions, and 

sentiment polarity [2]. The Term aspect depicts a word or phrase referring to features 

of the product or service discussed. The category is a term that groups aspects into a 

particular category, which is then grouped for simplified analysis. Opinion draws the 

opinion or judgment of the term. Sentiment polarity points to the opinion or judgment, 

whether positive, neutral, or negative [2]. ABSA is not like conventional sentiment 

analysis. It can provide more detailed information because it not only determines the 

sentiment polarity of the text but also identifies specific aspects of feedback.  

There are numerous studies on ABSA for Indonesian reviews, including their algo-

rithms for feedback analysis, utilizing traditional machine learning [3] and deep learn-

ing [4]. Then, transformers, as an advanced approach to deep learning, appear as a 

method for improving Natural Language Processing (NLP) tasks. Some researchers use 

transformers for an ABSA task, namely mT5 [5,6] and BERT [7]. The studies that use 

BERT compared with other algorithms show that BERT outperforms mT5 [8,9]. In the 

Indonesian language context, IndoBERT presents itself as an Indonesian language pre-

trained model [10,11]. IndoBERT has demonstrated its capabilities in sentiment analy-

sis, especially ABSA. Studies from [12–14] utilize IndoBERT for ABSA and yield bet-

ter performance than other models, such as traditional machine learning and deep learn-

ing. This study will use IndoBERT to analyze hotel reviews with ABSA data from [5,6]. 

Additionally, using the IndoBERT model from Wilie, et al. [11] performs better than 

another IndoBERT model and traditional machine learning and deep learning [12]. 

Therefore, this study will use IndoBERT because of the advantages mentioned before, 

especially for Indonesian reviews. 

Lastly, in this study, the quality approach is employed because NLP facilitates gen-

erating aspects and sentiment and how the results can improve the quality of the ser-

vices. The studies about service quality evaluation with text mining are promising and 

have potential to develop, but they have not been satisfactory because they have not 

received wider attention [15,16]. Also, a study from Vencovský [16] shows that few 

studies still use quality tools for service quality evaluation. Therefore, for this study, 

implementing the Pareto Diagram represents a novelty in in-service quality evaluation. 

NLP and Pareto Diagrams offer an effective solution for identifying problem priorities 

through data visualization. 

This study contributes to conducting aspect-based sentiment analysis with In-

doBERT, which is rare in the studies of quality service evaluation in Indonesia. This 

study uses Indonesian hotel reviews in the Indonesian language, which makes it clear 

what aspects contribute to hotels and accommodation in Indonesia, and with Pareto 

analysis, knowing which mainly contribute to the problem faced by customers, so that 

quality improvement strategies can be implemented effectively and efficiently. 

The remainder of this article is organized as follows: Section 2 covers related works; 

Section 3 presents the materials and methods that will be used in the study; Section 4 
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reports the results of the experimental findings; Section 5 discusses the results of the 

study; Section 6 ends with the conclusions and the future research. 

2 Related Works 

ABSA, as the core of this research, has evolved over many years, and ABSA, along 

with the Indonesian language, has developed recently. There are three steps for con-

ducting ABSA in this study: data collection, data preprocessing, and sentiment analysis. 

Before conducting sentiment analysis for the aspects, some studies will extract the as-

pects or opinions using an algorithm or a manual approach. The first study on the ABSA 

task in Indonesian languages was conducted by Gojali & Khodra [17] used Conditional 

Random Field (CRF) algorithm for aspect and sentiment extraction at once, which 

could extract the aspect and its opinions. The researchers will determine the sentiment 

polarity based on the results, where the sentiment will be labelled as negative if the 

results contain the negation words. Also, the extracted aspect can be categorized by the 

group that researchers can determine. A study from Ekawati & Khodra [18] conducted 

aspect categorization with a modified MaxEnt algorithm after the aspect extraction step 

with CRF algorithm. For sentiment classification, the researchers use the same algo-

rithm as aspect categorization. The studies mentioned earlier used a supervised ap-

proach for the ABSA task. Sasmita, et al. [19] started using an unsupervised approach 

because many NLP tools are mainly for English, and under-resourced Indonesian lan-

guage NLP tools. A study from Surjandari, et al. [3] used Latent Dirichlet Allocation 

(LDA) as a topic modeling method, identified topics within documents and a corpus 

[20] for specifying the aspects, and also categorizing at once. Each review will be clas-

sified based on the aspect. With Support Vector Machine (SVM) as a supervised ma-

chine learning algorithm for sentiment analysis for each aspect. 

The emergence of deep learning for NLP adds knowledge for ABSA tasks for the In-

donesian Language. Several studies have utilized deep learning for ABSA tasks and 

generated higher performances than traditional NLP and machine learning. Besides as-

pect and sentiment, the opinion that determined the sentiment of the aspect can be ex-

tracted. A study by Cahyadi & Khodra [21] employed a feedforward neural network 

with a one-vs-all strategy for aspect category classification, CRF for opinion target ex-

pression extraction, and Convolutional Neural Network (CNN) for sentiment polarity. 

Achieved the highest score, 87%, 76,4%, and 78.7%, respectively. Lastly, Chamid et 

al. [22] conducted research ABSA task with a graph-based Graph Convolutional Net-

work (GCN) and Graph Recurrent Network (GRN) for aspect and opinion extraction, 

and semi-supervised with CNN and Recurrent Neural Network (RNN) for sentiment 

classification. The study showed that with GRN and CNN results were good perfor-

mance with 97.14% and 94.02%.  

As mentioned, transformers, developed from deep learning, are the basis of a state-

of-the-art model for NLP. Transformers use attention mechanisms instead of recurrence 

and convolutional, where these two approaches were removed entirely [23]. There are 

a few methods using transformers for Indonesian ABSA tasks. A study by William & 

Khodra [5] applied a pre-trained model, T5, for the Indonesian language IndoT5 to 
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extract an opinion triplet (aspect term, opinion term, and sentiment polarity) from In-

donesian hotel reviews. This study's advantage lies in extracting explicit opinion triplets 

and implicit opinion triplets through the Generative Aspect-based Sentiment Analysis 

(GAS) framework, which utilizes a sequence-to-sequence approach to generate senti-

ment elements directly from the input. With IndoT5 and GAS framework, researchers 

achieved an F1 score of 79.5%. Improvement was conducted by William & Khodra 

from Suchrady & Purwarianti study [6], where another framework was LEGO-ABSA. 

LEGO-ABSA was a methodology that could build an assembly task prompt for the 

specific ABSA [24]. This framework, being improved by Indo LEGO-ABSA, com-

bines multitask learning and prompting to increase the generative ABSA model for In-

donesian language and achieves better performance than the GAS framework for ex-

traction. Another model is Bidirectional Encoder Representations from Transformers 

(BERT), proposed by Devlin et al. [25]. Some studies compare BERT and T5, demon-

strating that BERT outperforms T5 [8,9]. In the Indonesian review context, studies have 

compared BERT, using the Indonesian pre-trained model IndoBERT, and other models, 

showing that BERT is better than other models like deep learning or machine learning 

[12–14]. For this study, data have been labelled with aspect, opinion, and sentiment. 

The experiment will conduct the ABSA with IndoBERT based on aspects and sentiment 

formed to predict the sentiment of the reviews. 

After conducting ABSA task, aspects from the review will sometimes have signifi-

cant amounts and need to be categorized to continue the analysis. For example, to un-

derstand aspects that are frequently written by customers that probably have many as-

pects, clustering can be helpful when the goal of the study continues to the exploration 

of the aspects, where in this study, quality analysis from the voice of the customers, 

collecting aspects of reviews, clustering aspects, and topic modeling will be relevant 

for this study. Topic modeling has been used to find topics in documents. In this con-

text, it is used to find topics from aspect terms. LDA has been used frequently, as seen 

in a study by [3], which focused on finding topics from public opinion regarding ride-

hailing service providers, and in Hou et al. [26], for identifying regional flood issues 

and needs identification in China. Furthermore, the grouping aspect that integrates with 

LDA results in a more accurate grouping of textual data [27]. The study conducted by 

Chang et al. [28] employed various topic modeling methods, including Latent Dirichlet 

Allocation (LDA), Latent Semantic Analysis (LSA), and Non-negative Matrix Factor-

ization (NMF), and then found that LDA got a higher coherence score than other meth-

ods. K-Means and Hierarchical Density-Based Spatial Clustering of Applications with 

Noise (HDBSCAN) were utilized for clustering. Another study conducted by Parfenova 

[29] investigated various topic modeling methods, such as BERT and LDA, as well as 

clustering methods like K-Means and HDBSCAN for interview text analysis and found 

that combining BERT and HDBSCAN results in the best coherence score. Using BERT 

for topic modeling, Grootendorst [30] built a BERTopic that generates document em-

beddings with pre-trained models, clusters these embeddings, and generates topic rep-

resentations with class-based Term Frequency-Inverse Document Frequency (c-TF-

IDF). Many studies have applied BERTopic for topic modeling and clustering ap-

proaches. A study by Araújo et al. [8] utilized BERTopic for the topic modeling eval-

uation of three datasets of product reviews. BERTopic starts used for Indonesian text. 
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Research by Mahfudiyah & Alamsyah [31] utilized BERTopic with IndoBERT as a 

pre-trained language model for BERTopic. Additionally, Asnawi et al. [32] used this 

model to generate coherent and interpretable topics, especially for short and unstruc-

tured text from Indonesian news platforms. By integrating ABSA with IndoBERT and 

topic modeling and clustering with BERTopic, this kind of research can provide a 

deeper insight into service aspects that receive positive and negative attention.  

Lastly, in this research, the quality approach is employed because NLP is applied to 

generate aspects and sentiment, and how the results can improve the quality of the ser-

vices. Text mining has been a promising method for evaluating service quality [16]. 

One of the quality approaches that can be utilized is quality tools. Some studies have 

utilized control charts for monitoring process stability through statistical variation anal-

ysis [33,34]. However, a systematic literature review by Vencovský [16], aside from 

[33,34], revealed no quality tools for service quality evaluation using text mining. 

Therefore, for this study, implementing the Pareto Diagram is a novelty for service 

quality evaluation with NLP. From all related works discussed, this study will specifi-

cally focus on developing frameworks integrating ABSA, clustering aspects generated 

with topic modeling, and finally, the Pareto Diagram will help evaluate the service 

quality. The scope of this study is a comprehensive evaluation of hospitality service 

quality based on customer feedback. 

 

Fig. 1. Research methodology 

3 Materials and Methods 

Figure 1 depicts the research methodology. The first step focuses on collecting data. 

After that, the raw data is entered into data preprocessing, sentiment analysis, cluster-

ing, and topic modeling. The final step is evaluation, where the Pareto Diagram is used 

to analyze and prioritize findings. 
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3.1 Dataset 

A dataset used in this study is a collection of Indonesian hotel reviews taken from [5,6]. 

The data contains 5000 review texts broken down into 3000 train data, 1000 validation 

data, and 1000 test data. The change removes neutral sentiment data because only train-

ing data and test data contain this, not as much as other sentiments (positive and nega-

tive). Moreover, the amount of data will change because the data must be melted for 

use with BERT, which will be discussed in the next section. The composition of data 

is feedback (the column named "text") and triplet opinion (aspect-opinion-sentiment), 

where a triplet opinion will be transformed into the index number of the "text" column 

(the column named "num_targets"). For example, the feedback "cukup bersih dan wifi 

okelah." ("quite clean and wifi is okay") with num_targets ([([3], [4], 'POS'), ([-1], [0, 

1], 'POS')]). The "wifi" is an aspect term with index number [3], "okelah" ("okay") is 

an opinion term with a number index [4], and the sentiment polarity is positive or 

"POS". Determining the index for num_targets needs attention to punctuation. Addi-

tionally, there is an aspect term with an index of [-1], which [4] refers to as an implicit 

aspect and will transform into "NULL". 

3.2 Preprocessing Data 

BERT is a model that inputs one sentence or a pair of sentences as a single token se-

quence. The classification task will be represented by one of those tokens [25]. There-

fore, because the raw data has more than one label/class, the first step of preprocessing 

data is to melt the text and num_targets per row with the exact text. Because the data is 

melted, the amount of data changes, unlike raw data. This approach corresponds to the 

BERT used for the ABSA task in previous studies, known as Aspect-Based Sentiment 

Analysis (ABSA) via constructing auxiliary or sentence-pair classification [12,35]. 

This approach involved merging the review text or text column with auxiliary sentences 

that contain num_targets, which include aspect terms, opinion terms, and sentiment po-

larities. These terms must be transformed into words related to the index. However, 

sentiment polarities will not be included in the input for the BERT model. Lastly, data 

must be preprocessed using other methods, such as lowercase conversion, padding, and 

tokenization. An example of input data for the model is presented in Table 1. 

Table 1. The example of input data for the model 

text aspect and opinion label 

cukup bersih dan wifi okelah. NULL cukup bersih positive 

cukup bersih dan wifi okelah. 

(quite clean and wifi is okay) 

wifi okelah positive 
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3.3 Sentiment Analysis with IndoBERT Fine-Tuned Model for ABSA 

via Constructing Auxiliary (Sentence-Pair Classification) 

Previous studies using this data employed the T5 model for the ABSA task [5,6]. For 

this study, IndoBERT, a pre-trained BERT model using the Indonesian corpus, will be 

employed [11]. The IndoBERT model that will be used is from Wilie et al. [11], as it 

has been pre-trained on 4 billion Indonesian words and outperforms another In-

doBERT model [12]. Therefore, this model will be applied to the ABSA task with a 

modification that incorporates an auxiliary construct as an input [12,35], as shown in 

Table 1. As mentioned earlier, there is a preprocessing phase that involves tokeniza-

tion. The tokenization will utilize BERT, specifically WordPiece [12]. Each input will 

be tokenized, and there will be a classification token ([CLS]) placed in the first posi-

tion, then a separator token ([SEP]) placed between sentences in one input [12]. Be-

cause this model uses a sentence-pair classification approach, the separator tokens will 

be placed between feedback text and aspect and opinion sentences, as well as at the 

end of the input. The formula of the BERT token for sentence-pair classification is 

written as: 

S = ([CLS],C,[SEP],A,[SEP]) (1) 

Where C is the feedback text, A is the aspect and opinion text, and [CLS] and [SEP] 

are unique tokens given by BERT. The IndoBERT pre-trained model will be fine-

tuned with input sequences for adaptation to the ABSA task, and an output layer will 

be added, including a softmax layer and a linear layer, which will be used as the last 

layer in the IndoBERT architecture. The final vector will result from the model, and 

only [CLS] will be used as a fixed-dimensional composite representation of the entire 

input sequence, which has been processed using the IndoBERT output layer to deter-

mine the probability of sentiment in each aspect. Fine-tuned will follow a recommen-

dation from [12] with a change in the number of epochs to 5. For other parameters: the 

learning rate = 2e-5, batch size = 32, maximum sequence length = 128, loss function 

= Cross Entropy Loss, optimizer = Adam, and dropout rate = 0.1, while for evaluation 

strategy and save strategy on each last epoch and evaluation with F1 score based on 

[6]. This configuration ensures good results and evaluation for this task. 

3.4 Evaluation 

To evaluate the effectiveness of sentiment analysis in classification, performance 

metrics enable the quantification of the task's performance. For a classification task, the 

results can be depicted in a matrix called the confusion matrix [36]. The confusion ma-

trix categorizes the results into four categories, depending on the actual label for this 

study, which is the label derived from raw data and the predicted label: true positives 

(TP), true negatives (TN), false positives (FP), and false negatives (FN). To summarize 

the evaluation, four basic metrics will be used for the classification task: Accuracy, 

Precision, Recall, and F1 Score [37]. For each definition, accuracy is the percentage of 

data correctly predicted, that is, (TP + TN)/(TP + TN + FP + FN). Precision is the 

percentage of data predicted to be "positive" that is actually "positive," which is 
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(TP)/(TP + FP). Recall is a percentage of "positive" samples that were correctly pre-

dicted, that is, (TP)/(TP + FN). F1 Score is the harmonic mean of precision and recall. 

3.5 Clustering and Topic Modeling 

This step is taken because of several aspects that necessitated the clustering for the 

Pareto Diagram. The advantages of BERTopic for clustering and topic modeling in-

clude its ability to process natural language, conduct topic modeling dynamically, and 

its compatibility with the diverse and complex nature of reviews, allowing for more 

nuanced and accurate feedback analysis [8]. The phases of BERTopic involve yielding 

document embeddings with a pre-trained transformer model, clustering embeddings, 

and, finally, creating topic representations using Class Term Frequency-Inverse Doc-

ument Frequency (c-TF-IDF) [30]. For topic clustering, HDBSCAN is the default 

method of BERTopic clustering, which is an improvement of DBSCAN that creates 

clusters based on density. HDBSCAN will then convert these clusters into a clustering 

hierarchy [30]. Before clustering, BERTopic will reduce the vector from embedding 

with Uniform Manifold Approximation and Projection for Dimension Reduction 

(UMAP). The dimensionality-reducing technique UMAP has been proven to maintain 

global information while maintaining a reasonable processing time [8]. Moreover, a 

study by Allaoui et al. [38] showed that this technique improves accuracy and reduces 

the time required for K-Means and HDBSCAN. In the final step of BERTopic, after 

clustering the topics, the representative topics will be modeled based on the documents 

in each cluster, where each cluster will be assigned one topic. BERTopic modifies TF-

IDF to c-TF-IDF, where the importance of words in a document is measured. However, 

for c-TF-IDF, the term "document" is replaced by "class", which is the merged repre-

sentation of all texts in one cluster [30]. The formula for c-TF-IDF from Grootendorst 

is: 

𝑊𝑡,𝑐 = 𝑡𝑓𝑡,𝑐  . log (1 +
𝐴

𝑡𝑓𝑡
) (2) 

Where tft,c is frequency term, as the frequency of term t in class c, that is how t 

frequently appears in class, and for document inverse frequency that replaced by class 

inverse frequency is measuring how much the information given by t term to c class 

as the logarithmic of average the numbers of a word each class divided by the fre-

quency of term t tft and add one for resulting positive value. 

4 Results 

This section explains the application of IndoBERT for ABSA task. The results will be 

used for clustering and topic modeling with BERTopic, where the aspects are grouped 

to determine the aspect that will be solved first based on frequency through visualiza-

tion with a Pareto Diagram. This process involves sorting the aspects and selecting the 

problem that will be solved. 
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Fig. 2. Confusion matrix 

4.1 Sentiment Analysis 

In this section, the results of sentiment analysis with IndoBERT will be shown. The 

model achieves good performance in each evaluation, with a fast training time and a 

small number of epochs. The training time was 16.5 minutes, and the evaluation scores 

were accuracy of 98.86%, precision of 98.81%, recall of 98.77%, and F1 score of 

98.79%. To understand whether the model classifies data well, it is then used again to 

predict test data. The confusion matrix in Figure 2 shows that the model can predict test 

data effectively, with an accuracy of 98.55%, precision of 98.62%, recall of 98.93%, 

and F1 score of 98.78%. From 1097 negative sentiment data points, 17 did not predict 

correctly (False Positive), while from 1602 positive sentiment data points, 22 did not 

predict correctly (False Negative). The results show that the model struggles to recog-

nize the implicit aspects and the feedback that combines Indonesian and English 

 

Fig. 3. Negative sentiment topic dendogram 
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4.2 Clustering and Topic Modeling 

Aspects and opinion sentences from data used for this step are from the previous step, 

where the data was split into positive and negative data. With BERTopic, the model 

generates positive and negative sentiment data clustering. HDBSCAN results cluster -

1 if the data does not belong to any clusters. Cluster -1 will not be used in the analysis. 

HDBSCAN is a hierarchical clustering algorithm, so the visualization is presented as a 

dendrogram, which can be seen in Figure 3 for negative sentiment and Figure 4 for 

positive sentiment. The left side of each graph indicates the number of topics and their 

names, represented by the words representing the clusters. There are 26 clusters for 

negative sentiment and 27 clusters for positive sentiment. 

 

Fig. 4. Positive sentiment topic dendogram 

4.3 Pareto Diagram 

The final step of the study is to create the Pareto Diagram. BERTopic can show the 

frequency of each cluster. The frequency can be used to calculate the cumulative fre-

quency. Figures 5 and 6 are Pareto diagrams for negative sentiment and positive senti-

ment, respectively. According to the Pareto Principle, prioritizing problems based on 

negative sentiment ranges from topic 0 to topic 17, and for positive sentiment, it ranges 

from topic 0 to topic 18. For each topic generated from aspect and opinion sentences 

by the BERT model, these topics will be visualized using a Pareto Diagram. Each topic 

will be named based on what is contained in each topic. 
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Fig. 5. Pareto diagram for negative sentiment 

5 Discussion 

The application of IndoBERT for the ABSA task yields better performance than previ-

ous studies using the same data and the T5 model [5,6]. Furthermore, according to their 

studies, IndoBERT's training is faster than that of T5. However, this study did not re-

conduct the T5 training. However, this is related to other studies mentioned earlier, 

which indicate that BERT outperforms T5 [8,9]. IndoBERT outperforms other algo-

rithms, such as deep learning and machine learning, because the IndoBERT model is a 

pre-trained model based on an Indonesian corpus, allowing it to understand the meaning 

of Indonesian feedback. However, in previous findings, IndoBERT cannot be classified 

effectively if the feedback is in English. Then, for the following discussion about clus-

tering and topic modeling with BERTopic, this study can obtain more nuanced and 

representative topics with feedback. Embedding from IndoBERT pre-trained results on 

a topic more clearly aligned with studies from [31,32]. Lastly, after generating negative 

and positive sentiment aspects and conducting clustering and topic modeling, resulting 

topics, each topic will be visualized using a Pareto Diagram. This approach represents 

a novel approach to service quality evaluation using NLP and text mining. Applying 

the Pareto Diagram involves selecting the aspects that will be refined first, focusing on 

those that account for 80% of the effect. There are 18 topics or aspects related to nega-

tive sentiment and 19 topics related to positive sentiment. 
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Fig. 6. Pareto diagram for positive sentiment 

Each topic will be named based on what is contained in the topic. For the topics 

discussed by customers in negative feedback, the most categories mentioned in cluster 

0 are: facility, towel, disappointed (implicit), air conditioner, smelly room, bathroom, 

receptionist, breakfast, shower hot water, dirty room, blanket, unfriendly services, 

small room, bathroom door, bad sheet, snacks, hot water, dirty bathroom, and parking. 

For positive sentiment data are clean bathroom, clean (implicit), clean room, comfort-

able (implicit), recommended (implicit), comfortable room, friendly services, clean ho-

tel, delicious food, big room, television, comfortable places, excellent service, sufficient 

(implicit), services, good room, low price, happy, snack, and fast check-in.  

Based on the Pareto analysis, some points can be discussed. First, the implicit words 

including "disappointed", "clean", "comfortable", and "recommended" indicate that the 

aspect from the data is "NULL", assuming that the implicit category is overall hotel 

services. Second, there are more implicit aspects mentioned in positive sentiments than 

in negative sentiments, indicating that customers tend to pay more attention to unsatis-

factory aspects. Lastly, the majority outcome of the category from negative and positive 

sentiment is about services and some words for beverages, which is similar to the result 

from Kim & Kim [39], who used text mining to analyze customer satisfaction in hotel 

reviews, which showed that services and dining influence customers' satisfaction. The 

researchers also suggest increasing satisfaction with those aspects shaping positive cus-

tomer reviews. 

This study provides academic and managerial implications. For academic purposes, 

this study gives a framework for opinion mining customer reviews with advanced meth-

ods to understand customer opinions better. Combining text mining and a quality ap-

proach enhances the effectiveness of opinion mining by extracting text and analyzing 

it directly to understand the problem. For managerial implications, industries aware of 

the aspects identified through feedback can effectively address and resolve problems 
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likely to be addressed more efficiently. Additionally, with a quality approach like the 

Pareto Diagram, stakeholders can identify the problems that frequently occur to cus-

tomers. Then, the problems can be resolved first, and the main issues can be addressed. 

This can happen if the company has limited resources and cannot resolve it simultane-

ously. This study evaluates customer hotel selection aspects necessary for improving 

service quality and customer satisfaction to obtain a competitive advantage [39]. Addi-

tionally, this study can provide a nuanced analysis of feedback using text mining, not 

only for hospitality services but also for other services. However, different services 

probably have different problems. Therefore, this study will be reproduced for other 

services for future research. 

6 Conclusion 

This study demonstrates that the aspect-based sentiment analysis (ABSA) approach, 

utilizing the IndoBERT model, is practical in categorizing Indonesian-language hotel 

reviews. This model achieved 98.55% accuracy, 98.62% precision, 98.93% recall, and 

98.78% F1 score in a relatively short time, around 16.55 minutes. These results indicate 

that IndoBERT effectively and efficiently classifies sentiment in hotel customer re-

views. Although there are obstacles in recognizing reviews that use a mixture of Indo-

nesian and English, the confusion matrix results show that this mode has a low error 

rate. Additionally, clustering offers valuable insights into the key factors influencing 

positive and negative customer sentiment. Thus, IndoBERT is a reliable model for As-

pect-Based Sentiment Analysis in Indonesian-language hotel reviews. Lastly, the qual-

ity approach can help resolve some problems with the Pareto diagram, where the tool 

visualizes aspects that frequently occur for customer problems. This study only covers 

hotel reviews. The following research can be expanded to other domains, such as res-

taurants, transportation, or public services, to test the generalizability of the ABSA 

model in various contexts and compare the performance of IndoBERT with other mod-

els. 
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