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Abstract 

The primary objective of this research is to develop and evaluate a robust deep learning model for accurately analyzing stakeholder perceptions 

of halal tourism development in Pariaman, West Sumatra, based on qualitative textual data. The main contribution is the introduction of 

IndoBERT-SupCon, a novel architecture that enhances the Indonesian BERT model with a Supervised Contrastive Learning (SupCon) 

mechanism. A novel method for producing more discriminative feature representations for complex viewpoints is presented in this paper, which 

is one of the first to use this sophisticated fine-tuning technique to Indonesian socio-political sentiment analysis. Conceptually, the model is 

trained to simultaneously minimize classification error while optimizing the feature space, pulling representations of similar sentiments closer 

together and pushing dissimilar ones further apart. To achieve this, we collected 1,022 primary textual responses through online surveys with 

tourists and in-depth interviews with key stakeholders, including SME owners and government officials. The SMOTE oversampling technique 

was employed on the training data to mitigate class imbalance. Experimental results on the test data demonstrate that the IndoBERT-SupCon 

model achieved outstanding performance, with a final accuracy of 96.59% and a macro F1-score of 0.97. These results significantly surpass the 

performance of a standard fine-tuned IndoBERT baseline, confirming the effectiveness of the SupCon approach. The findings provide the 

Pariaman local government with a highly valid, data-driven tool for more responsive and effective policy formulation. This research offers a 

robust framework that can be applied to other public policy domains, showcasing the value of advanced deep learning in transforming qualitative 

stakeholder feedback into actionable insights. 
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1. Introduction 

Halal tourism has emerged as one of the world's fastest-growing tourism businesses [1] Indonesia has a great chance 

to dominate this industry because it is the nation with the largest Muslim population worldwide [2]. Halal tourism has 

been deemed a national strategic program by the Indonesian government in an effort to diversify tourism offerings and 

boost visitor numbers, both of which are anticipated to contribute to local and national economic growth [3]. In addition 

to offering halal-certified facilities and services [4], the public's and other pertinent stakeholders' favourable attitudes 

and acceptance are also essential to the strategy's successful execution [5]. 

Various regions including Pariaman City in West Sumatra Province, are seeking to implement this national policy [6].  

Pariaman has a great basis for creating a genuine halal tourism destination because it is a region with a strong 

Minangkabau culture and strong Islamic beliefs [7].  However, the implementation of this policy is not without potential 

challenges and complexities. This initiative can spark debate among various stakeholders. For instance, economic 

conflicts may arise concerning the policy's impact on conventional or non-halal tourism operators, as well as potential 

socio-cultural friction if the 'halal' branding is perceived as exclusive by parts of the local community or non-Muslim 

tourists [8]. Therefore, a comprehensive understanding of the opinions, aspirations, and concerns of various 

stakeholders, such as visiting tourists, Micro, Small, and Medium Enterprises (MSMEs) as service providers, and 

government officials as regulators, is crucial to the success of this project. Without an accurate understanding of public 
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sentiment, policies risk being ineffective or even counterproductive. Public perception analysis has historically 

frequently been carried out by manual qualitative procedures, which are laborious and subject to subjective researcher 

bias [9]. But new developments in Natural Language Processing (NLP) technology provide ways to more effectively 

and impartially analyse massive amounts of textual data [10]. For a variety of Indonesian-language text processing 

tasks, such as sentiment analysis, pre-trained language models like IndoBERT have shown remarkable efficacy [11]. 

Although there are frequently difficulties when using models like IndoBERT with traditional fine-tuning techniques.  

One of these is the challenge of differentiating between sentiments with nuanced or unclear nuances, like "undecided" 

and "disagree."  Unbalanced class distribution data, which is a prevalent issue in real-world datasets, can cause model 

performance to deteriorate.  These drawbacks point to a need for greater study into creating resilient model architectures 

that can generate more discriminatory feature representations for sentiment analysis. 

This study suggests a novel hybrid paradigm named IndoBERT- SupCon to address these issues. This model combines 

the advantages of IndoBERT with a sophisticated Supervised Contrastive Learning (SupCon) fine-tuning technique. 

The goal of the SupCon technique is to maximise the distance between data from various sentiment classes while 

teaching the model to map data with the same sentiment to neighbouring points in the feature space. The use of the 

SMOTE oversampling technique to rectify the class imbalance in the training data reinforces this strategy. 

This research provides several important contributions. In order to classify sentiment in the Indonesian language, we 

first propose and validate the IndoBERT- SupCon architecture, which has been shown to perform exceptionally well. 

Second, we use a cutting-edge deep learning technique to give the first thorough sentiment analysis of Pariaman's halal 

tourism stakeholders' opinions. Third, the analysis's findings offer data driven insights that local governments and 

pertinent stakeholders may implement to create strategies that are more successful. 

2. Literature Review 

2.1. Halal Tourism and Public Perception Analysis 

A subset of tourism known as halal or Muslim-friendly travel offers amenities and services that are compliant with 

Islamic principles.  This idea goes beyond halal cuisine to encompass lodging, places of worship, Islamic banking, and 

Islamically-based travel experiences [12].  The market for halal travel has expanded rapidly in recent years due to the 

rise in the number of middle-class Muslims around the world [13].  Being the most populous Muslim nation, Indonesia 

has made halal tourism development a national priority program in order to increase its competitiveness in the global 

tourism market [14]. 

Development of halal tourism destinations is largely dependent on stakeholder acceptability and views [15].  These 

impressions include the opinions of both Muslim and non-Muslim tourists, the backing of local governments, and the 

participation of MSMEs as the foundation of the tourism industry [16].  To ensure more inclusive and successful policy 

creation, it is essential to accurately analyse stakeholder sentiment in order to identify strengths, weaknesses, and 

potential social conflicts [17].  

Given the complexity and nuances inherent in stakeholder perceptions, traditional analytical methods like manual 

surveys or qualitative interviews often face significant limitations. Such processes are not only time-consuming and 

resource-intensive but are also difficult to scale across large volumes of feedback and remain susceptible to the 

subjective bias of the researcher. To overcome these challenges, advancements in Natural Language Processing (NLP) 

offer a more objective, scalable, and efficient solution. Specifically, sentiment analysis, also known as opinion mining, 

has emerged as a powerful computational approach to systematically identify, extract, and categorize the opinions 

expressed in textual data. 

2.2. Sentiment Analysis in the Tourism Sector 

Sentiment analysis, often known as opinion mining, is a subfield of Natural Language Processing (NLP) that uses 

computing to identify and categorise opinions represented in textual data [18].  Sentiment analysis has been utilised 

extensively in the tourism industry to glean information from social media, travel forums, and evaluations of lodging 

in order to assess visitor satisfaction and destination reputation. 
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Initially, sentiment analysis depended on standard machine learning algorithms like Naïve Bayes, Support Vector 

Machines (SVM), and Logistic Regression. These approaches are useful for easy tasks, but they have a lot of 

drawbacks. Model performance is mostly dependent on laborious manual feature engineering procedures and 

frequently misses sarcasm, irony, or deeper contextual meaning in a sentence. 

Deep learning has brought about a new era in natural language processing (NLP) by enabling transformer-based 

architectures that can comprehend a sentence's word context in both directions [19]. Bidirectional Encoder 

Representations from Transformers (BERT), created by Google, is among the most well-known models [9]. BERT 

achieves state-of-the-art performance on a variety of NLP tasks after being trained on a vast corpus of text data. It can 

generate word representations that are rich in contextual meaning. 

IndoBERT is one of the specialised BERT models created to handle the complexity and distinctiveness of the 

Indonesian language [20]. Compared to multilingual models, IndoBERT has a superior grasp of syntax, vocabulary, 

and regional linguistic subtleties because it was trained only on a sizable corpus of data in the Indonesian language. In 

Indonesia, IndoBERT has demonstrated remarkable efficacy in a range of applications, such as sentiment analysis and 

text classification. 

2.3. Supervised Contrastive Learning for Text Classification 

There remains potential for improvement, especially with regard to the calibre of the feature representations that the 

model produces [21], even if fine-tuning IndoBERT using the conventional Cross-Entropy loss function has produced 

positive results [21]. The Cross-Entropy loss does not specifically teach the model to differentiate between semantically 

similar classes [23]. Instead, it concentrates only on minimising prediction error [24].  

Supervised Contrastive Learning (SupCon) provides a novel solution in this regard.  A training method called SUPCON 

seeks to improve the feature space that the model has learnt [25].  It operates by "pushing" representations of data from 

different classes (negative pairs) as far apart as feasible while pulling representations of data from the same class 

(positive pairs) as alike as possible [26].  SupCon enables the model to acquire more structured and discriminative 

feature representations by defining these positive and negative pairings with label information [27]. This is especially 

helpful for classification problems when class borders are not always obvious [28]. 

According on the literature review, various research gaps can be discovered [29].  First, despite the fact that sentiment 

analysis of halal travel has been done, a lot of research still uses classic machine learning techniques  or unstructured 

social media data [30].  There is currently little research combining deep learning analysis with primary data from 

surveys and stakeholder interviews [31].  Second, even if IndoBERT has been used extensively, traditional fine-tuning 

techniques are frequently the only way to employ it [32].  In order to enhance IndoBERT's performance in the 

Indonesian setting, more complex fine-tuning methods like Supervised Contrastive Learning are currently rarely 

explored [33].  

While Supervised Contrastive Learning has shown significant promise for Transformer-based models in various 

languages, its application to Indonesian-specific language models like IndoBERT remains a largely unexplored area. 

A comprehensive literature search indicates that, to the best of our knowledge, no prior study has proposed or evaluated 

an architecture combining IndoBERT with a Supervised Contrastive Learning fine-tuning mechanism for any 

Indonesian NLP task. This highlights a critical research gap in leveraging advanced fine-tuning strategies to enhance 

the performance of local language models in the Indonesian context. This work proposes and assesses the IndoBERT-

SupCon model for sentiment analysis from structured stakeholder data in a particular case study of the growth of halal 

tourism in Pariaman, West Sumatra. 

3. Methodology 

This research methodology is systematically designed to develop and evaluate the proposed sentiment analysis model. 

The research workflow is divided into several main stages, including data collection and preprocessing, class balancing, 

model training with the IndoBERT-SupCon architecture, and performance evaluation. This research framework, as 

illustrated in figure 1, presents the overall process flow.  
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Figure 1. Research Structure for Developing IndoBERT-SupCon 

The process begins with the collection of qualitative data from various stakeholders. The collected textual data then 

undergoes a preprocessing stage to clean and standardize the text. Afterward, the data is divided into training and test 

datasets. The SMOTE oversampling technique is applied to the training data to address class imbalance. The balanced 

training data is then used to train the IndoBERT- SupCon model. Finally, the trained model is evaluated using the test 

data to measure its performance based on accuracy, precision, recall, and F1-score metrics. 

3.1. Data Collection 

The data source in this study is primary data obtained through a mixed-method approach. The study population 

comprised three key stakeholder groups: tourists, Micro, Small, and Medium-Sized Enterprises (MSMEs) in the 

tourism sector, and government officials. A purposive sampling technique was employed with specific inclusion 

criteria defined for each group to ensure the relevance and diversity of the collected data. 

Tourist participants were selected based on the criterion of having visited Pariaman City within the last 12 months to 

ensure their feedback was based on recent experiences. The selection focused on businesses in the food, beverage, and 

accommodation sectors (MSMEs) that were located within primary tourist areas. An additional criterion was that the 

business had been operational for at least two years, ensuring representation from established local enterprises. The 

last participants were specifically selected from the Pariaman Tourism Office (Government Stakeholders). The criteria 

for inclusion were direct involvement in the planning, implementation, or evaluation of the city's halal tourism policies. 

Tourists completed an survey to gather both quantitative and qualitative data, and stakeholders were interviewed to 

gather detailed qualitative data. From this process 1.022 textual sentiment data were collected, which were then labeled 

into four categories: 'Agree', 'Disagree', 'Undecided', and 'Neutral'. 

3.2. Data Preprocessing 

The raw text data underwent several preprocessing stages to enhance data quality and reduce noise before being fed 

into the model. These steps were carefully chosen to normalize the text while considering the morphological richness 

of the Indonesian language. These actions consist of Case folding is the process of changing all text to lowercase in 

order to maintain consistency and steer clear of terms that are identical save for capitalisation. All text was converted 

to lowercase. This is a standard normalization step to ensure consistency and prevent the model from treating identical 

words with different capitalization (e.g., 'Pariaman', 'pariaman') as separate entities. 

Tokenizing is the process of dividing sentences into discrete word units, or tokens. Sentences were segmented into 

individual word units, or tokens. This procedure is a fundamental step for the model's text analysis. This procedure is 

an essential part of the text analysis of the model.  To help the model focus on more informative words we use Stopword 

Removal, common Indonesian words with low semantic sentiment value (such as 'which', 'in', 'and', 'is') were removed. 

For this task, we utilized the standard Indonesian stopword list provided by the Sastrawi library, a widely recognized 

toolkit for Indonesian NLP. While modern Transformer models can handle stop words, we found this step beneficial 
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for reducing noise in our specific, moderately-sized dataset. To reduce vocabulary variation we use Stemming, affixed 

words were converted to their root form (e.g., 'developing' becomes 'develop'). We employed the Sastrawi stemmer, an 

algorithm specifically designed and benchmarked for the Indonesian language's complex affixation rules. This 

normalization helps the model to group semantically related concepts, which can improve generalization on a dataset 

of this scale. 

3.3. Class Balancing with SMOTE 

The data distribution's preliminary analysis shows that there is an imbalance in the number of samples across sentiment 

classes [34].  We used the Synthetic Minority Over-sampling Technique (SMOTE) to avoid biassing the model in 

favour of the majority class [35].  SMOTE generates fresh synthetic samples for the minority class [36].  From samples 

in the minority class [37], one or more nearest neighbours (k-nearest neighbours) are chosen [38], and new data is 

generated along the line that connects these samples to form these new samples [39].  

While SMOTE is an effective technique for addressing imbalance, we acknowledge its potential drawbacks, such as 

the risk of creating synthetic samples in overlapping class regions, which could introduce noise or generate examples 

that are not fully representative of the original data distribution. However, given the severity of the class imbalance in 

our initial dataset, we determined that the benefit of preventing the model from becoming biased towards the majority 

class significantly outweighed this potential risk. To prevent data leakage to the test data, this approach is exclusively 

used on the training data [40]. 

3.4. Proposed Model Architecture: IndoBERT-SupCon 

The core of our study is the proposed IndoBERT-SupCon architecture, which integrates a pre-trained IndoBERT model 

with a dual-head, hybrid loss fine-tuning strategy. The main component of this model's three primary parts is 

IndoBERT, which serves as the Base Encoder [41]. The architecture, detailed in figure 2, consists of three primary 

components (IndoBERT Base Encoder, Parallel Heads for Dual Loss Calculation, and Hybrid Loss Function) as detail 

as figure 2. 

 

Figure 2. IndoBERT-SupCon Architecture 

As the basis encoder, we employ the IndoBERT Base Encode model, which has been pre-trained on a sizable corpus 

of Indonesian language data [42]. We use the pre-trained indobenchmark/indobert-base-p2 model as our base encoder. 

For a given input text, IndoBERT generates contextualized embeddings. We specifically utilize the final hidden state 

vector corresponding to the special CLS output token as the aggregate representation for the entire sentence. IndoBERT 

transforms input text into contextually rich numeric vector representations, or embeddings [43]. 

The second component is the Head for Supervised Contrastive Learning (SupCon) [29]. We include a projection head 

trained with the SUPCON loss function in place of only using the IndoBERT output for direct classification. Refining 

the feature space is its goal [31]. In the course of training, this loss "pushes" embeddings of distinct sentiments farther 

away and "pulls" embeddings of the same sentiment closer together [26]. As a result, the classifier can more easily 

differentiate the more organised feature representation. 

The CLS embedding vector is simultaneously fed into two separate "heads” as Parallel Heads for Dual Loss 

Calculation. A Classification Head, which is a standard single linear layer followed by a softmax function. This head 

maps the sentence embedding to the probability distribution over the four sentiment classes ('Agree', 'Disagree', 

'Undecided', 'Neutral'). The output logits are used to compute the standard Cross-Entropy (CE) Loss. 

A Projection Head, which is a Multi-Layer Perceptron (MLP) with one hidden layer and a ReLU activation function. 

This head projects the high-dimensional CLS embedding into a lower-dimensional space suitable for contrastive 
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learning. The resulting feature vectors are then used to calculate the Supervised Contrastive (SupCon) Loss. The 

SupCon loss function works to pull embeddings from the same class (positive pairs) closer together in this space, while 

pushing embeddings from different classes (negative pairs) further apart.  

During the training phase, SupCon and conventional Cross-Entropy losses are combined to maximise the final 

classification accuracy as well as the quality of the feature representations. The model is optimized using a hybrid loss 

function that is a weighted sum of the two individual losses.  

𝐿𝑡𝑜𝑡𝑎𝑙 =  (1 − 𝜆)𝐿𝐶𝐸 +  𝜆. 𝐿𝑆𝑢𝑝𝐶𝑜𝑛                                                            (1) 

Where 𝐿𝐶𝐸 is the Cross-Entropy and 𝐿𝑆𝑢𝑝𝐶𝑜𝑛 is is the Supervised Contrastive loss. The hyperparameter 𝜆 balances the 

contribution of each loss component. This hybrid approach ensures that the model not only learns to classify sentiments 

correctly (via 𝐿𝐶𝐸) but also learns a more structured and discriminative feature space (via 𝐿𝑆𝑢𝑝𝐶𝑜𝑛). This layer creates 

probabilities for each sentiment class ('Agree,' 'Disagree,' 'Undecided,' and 'Neutral') after receiving feature 

representations that have been tuned by IndoBERT and SupCon.  

3.5. Experimentasl Setup and Evaluation Metrics 

We used a hold-out validation approach. The dataset was divided into 80% training data and 20% testing data. This 

division was performed using a stratified split method to ensure that the proportion of each sentiment class ('Agree,' 

'Disagree,' 'Undecided,' 'Neutral') remained consistent across both the training and testing datasets. This step is crucial 

to prevent biased evaluations and ensure that the model is tested on a balanced representation of the data, which is 

particularly important given the presence of minority classes in the initial data. 

We recognize that k-fold cross-validation is the gold standard for more comprehensively measuring model 

generalization ability. However, given the primary goal of this study is to propose and evaluate the feasibility of a new 

architecture (IndoBERT-SupCon) on a specific halal tourism dataset, we focused our in-depth analysis on a 

representative test set. We note the use of more extensive cross-validation as an important direction for model validation 

in future research. 

The model was trained for 10 epochs using the AdamW optimizer. A batch size of 16 and a learning rate of 2e-5 were 

selected for the fine-tuning process. These hyperparameters were chosen based on established best practices and 

recommendations from seminal works on fine-tuning BERT-based models. A small learning rate (2e-5) is commonly 

advised to prevent catastrophic forgetting of the pre-trained knowledge, while a batch size of 16 was chosen as it 

provided a good balance between stable gradient estimation and GPU memory constraints. These values were also 

confirmed to yield stable convergence during our preliminary experiments 

 Four common measures were used to assess the model's performance. Accuracy is the proportion of all accurate 

forecasts. Precision describes the model's ability to correctly categorise negative samples as positive. Recall or 

sensitivity refers to the model's capacity to recognise all true positive samples. The F1-Score provides a single metric 

that combines precision and recall by taking the harmonic mean of the two. 

4. Results and Discussion 

The experimental results of the suggested IndoBERT- SupCon model are shown in this section along with a discussion 

of their ramifications. Both a quantitative assessment of the model's performance and a qualitative interpretation of the 

sentiment analysis findings on opinions of halal travel in Pariaman are part of the analysis. To validate every element 

of the suggested framework, a phased model performance evaluation is carried out. These phases consist of tracking 

the training process, analysing data distribution, visualising keywords, and doing a final assessment using accepted 

metrics. Making ensuring the training data is not skewed towards a specific class is the first stage in the evaluation 

process. The initial data indicates that the quantity of samples varies unevenly among sentiment classifications. The 

SMOTE technique was used to solve this. The distribution of the training data following the oversampling procedure 

is shown in figure 3. 
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   (a)                                                                           (b) 

Figure 3. (a) Data Distribution Before SMOTE, (b) Training Data Distribution After SMOTE 

Figure 3 visually confirms that the class balancing process was successful. Each sentiment class (‘Agree’, ‘Undecided’, 

‘Disagree’, ‘Neutral’) now has an equal number of samples. This step is crucial to ensure the model learns from a fair 

representation of each sentiment, thus preventing it from becoming overly dominant in predicting the majority class 

and improving its ability to recognize the minority class. To gain a qualitative understanding of the most dominant 

terms within each sentiment category, a word cloud was created from the data corpus. Word clouds visually represent 

word frequency, with larger words indicating more frequent occurrence. 

Figure 4 shows frequently occurring keywords and presents a word cloud to offer a high-level visualization of the most 

frequent terms within the data corpus. For example, in the sentiment 'Agree', words like support, good, amplify and 

potential might be dominant. Conversely, in the sentiment 'Disagree', words like reduce, conflict, and uncomfortable 

might be most prominent. While this frequency-based approach is admittedly superficial and cannot capture deep 

semantic nuances on its own, it provides a useful preliminary validation of our sentiment labels. To gain a more 

profound understanding of the reasoning behind stakeholder sentiments, we conducted a qualitative analysis of 

representative comments from each category. 

 

Figure 4. Word Cloud from Perception Class 

For instance, the prominence of terms such as support, good, and potential aligns well with the 'Agree' sentiment, 

pointing towards underlying themes of economic optimism and development support. Conversely, the appearance of 

words like reduce, conflict, and worried in negative comments suggests that stakeholder concerns often revolve around 

potential social friction and negative community impacts. This initial qualitative check provides a foundation for our 

quantitative results. A more in-depth analysis using advanced techniques, such as topic modeling or SHAP 

explanations, would be a valuable direction for future research to further dissect these underlying themes. 

4.1. Model Performance Evaluation 

The fine-tuning process of the IndoBERT-SupCon model is closely monitored to ensure the model learns effectively. 

Figure 5 shows the console output logs during the training process. From the log in figure 5 it can be seen that the 

Average Loss value (average error) continues to decrease consistently in each epoch, from 4.0963 in Epoch 1 to 1.2718 

in Epoch 10. This steady decrease is textual evidence that the model weight optimization process is running well and 

the model is successfully learning from the training data. For a more intuitive visualization of the training process, the 

loss curve is presented in figure 6. 
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Figure 5. Log Proses Fine-Tuning Model Figure 6. Model Fine-Tuning Process Log 

The curve in figure 6 illustrates a smooth and steady downward trend in loss over 10 epochs. The absence of sharp 

spikes or fluctuations indicates that training is proceeding steadily. The curve's gradual flattening in the final epochs 

indicates that the model has reached a point of convergence, where it has optimally learned patterns from the training 

data. A final evaluation was performed on the test data to measure the model's generalization ability. Figure 7 presents 

a confusion matrix that visualizes the model's classification performance. 

    

Figure 7. Confusion Matrix IndoBERT-SupCon 

The confusion matrix in figure 7 shows that the majority of predictions (numbers on the diagonal from top left to 

bottom right) were correct. The number of incorrect predictions (numbers outside the diagonal) was minimal. For 

example, of the 61 data points with the original label 'Agree', the model successfully predicted all of them correctly (61 

values in the [Agree, Agree] cells).  This visually confirms the model's high accuracy and ability to distinguish between 

sentiment classes. The classification report further demonstrates the model's robustness, showing strong and relatively 

balanced performance across all classes, with F1-scores ranging from 0.94 to a perfect 1.00. The model achieved 

excellent performance (precision, recall, and F1-score of 1.00) on the 'Agree' class, the second-most sampled class in 

the test set. Near-perfect performance was also demonstrated on the 'Neutral' class (F1-score of 0.98). It is noteworthy 

that for the 'undecided' class, the most linguistically ambiguous, the model still managed to maintain a very high F1-

score of 0.94. The recall metric of 0.91 for this class indicates that the model successfully identified 91% of all 

'undecided' sentiments, a very strong result considering its semantic complexity. This consistent performance across 

all classes further confirms the robustness of the proposed Supervised Contrastive Learning approach. 

4.2. Discussion 

The comprehensive evaluation presented in Section 4.1 validates the performance of the IndoBERT-SupCon model 

across multiple aspects, from successful data balancing and convergence of the training process to highly accurate 
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classification capabilities on the test data. These results collectively demonstrate that the proposed architecture is not 

only stable but also highly effective. To quantify the significance of these achievements and contextualize its 

superiority, the next step is to compare the model's performance with several baseline architectures commonly used in 

similar research.  The success of the IndoBERT-SupCon model with an accuracy of  96.59% significantly outperforms 

various commonly used baseline models for sentiment analysis, as shown in table 1. 

Table 1. Model Comparison 

Model Accuracy Classification Precision Recall F1-Score 

Stacked Bi-LSTM + Attention 0.893 

Neutral 

Undecided 

Agree 

Disagree 

0.91 

0.92 

0.92 

0.84 

0.97 

0.87 

0.90 

0.86 

0.94 

0.90 

0.91 

0.85 

BI-GRU + FastText + Attention 0.868 

Neutral 

Undecided 

Agree 

Disagree 

0.79 

0.91 

0.89 

0.85 

1.00 

0.78 

0.95 

0.82 

0.89 

0.84 

0.92 

0.82 

BI-GRU + Fine-Tuning Embedding 0.8732 

Neutral 

Undecided 

Agree 

Disagree 

0.84 

0.90 

0.89 

0.85 

1.00 

0.81 

0.95 

0.78 

0.91 

0.85 

0.92 

0.81 

Fine-Tuning + IndoBERT 0.927 

Neutral 

Undecided 

Agree 

Disagree 

0.94 

0.96 

0.92 

0.90 

1.00 

0.81 

1.00 

0.92 

0.97 

0.88 

0.96 

0.91 

IndoBERT- SupCon 

(Our Proposed Model) 
0.966 

Neutral 

Undecided 

Agree 

Disagree 

0.97 

0.98 

1.00 

0.92 

1.00 

0.91 

1.00 

0.97 

0.98 

0.94 

1.00 

0.94 

*the research used the same dataset to test the entire model. 

From table 1, it is clear that our proposed model (IndoBERT-SupCon) provides substantial performance improvements 

compared to other deep learning architectures such as Bi-LSTM and Bi-GRU. More importantly, our model also 

outperforms IndoBERT using standard fine-tuning methods. This improvement is directly attributable to the 

effectiveness of the Supervised Contrastive Learning (SupCon) mechanism. Models based on Recurrent Neural 

Network (RNN) architectures such as Stacked Bi-LSTM and Bi-GRU, even using attention mechanisms or pre-trained 

embeddings like FastText, only achieved accuracy in the range of 86.8% to 89.3%. A significant performance jump 

was seen when using Transformer-based architectures. The standard IndoBERT Fine-Tuning model achieved 92.7% 

accuracy, demonstrating the superiority of pre-trained models specific to the Indonesian language. However, the 

pinnacle of this comparison was the proposed model, IndoBERT-SupCon, which achieved 96.6% accuracy. This 

represents a substantial performance improvement of approximately 3.9% over the standard IndoBERT. 

The improvement extends beyond accuracy. The average F1-score, a more holistic metric, also exhibits a similar 

pattern, with IndoBERT-SupCon achieving a score of 0.97 compared to the standard IndoBERT's 0.93. This notable 

advantage provides strong empirical support for the research hypothesis: that the addition of the Supervised Contrastive 

Learning mechanism effectively refines IndoBERT's feature representations. While we identify the SupCon 

mechanism as the primary driver for the performance lift over the standard IndoBERT baseline, it is important to 

acknowledge that the model's overall success is likely multi-faceted. The effectiveness of the SMOTE technique in 

providing a balanced training distribution, alongside the high-quality and context-specific nature of our primary dataset, 

are also considered significant contributing factors to the final robust performance. By forcing the model to learn more 

discriminatory representations where similar sentiments are pulled closer together and dissimilar sentiments are pushed 

further apart, the decision boundary between classes becomes clearer. 
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While standard fine-tuning focuses solely on minimizing classification errors, SupCon actively structures the model's 

internal feature space. By forcing the model to learn more discriminatory representations, where similar sentiments are 

pulled closer together and dissimilar sentiments are pushed further apart, the decision boundary between classes 

becomes clearer. This has proven highly useful for validating stakeholder sentiments, which can provide robust data-

driven insights for local governments to design more targeted and effective halal tourism development strategies. 

Finally, it is essential to consider the ethical implications of deploying such a model in a real-world policy context. 

While powerful, AI-driven sentiment analysis carries a responsibility to be used wisely. There is a significant risk of 

inadvertently marginalizing minority voices if their perspectives are underrepresented in the dataset, or perpetuating 

biases from the human labeling process. To mitigate these risks, this model should be employed not as an automated 

decision-maker, but as a supportive tool within a "human-in-the-loop" framework. The insights it provides should 

complement, rather than replace, direct stakeholder engagement, ensuring that policy formulation remains an inclusive 

and equitable proces 

To validate and position the contribution of this research within the broader landscape of sentiment analysis, the 

performance of the IndoBERT-SupCon model is compared with results from several recent studies. It is crucial to note 

that this comparison, presented in table 2, is intended to provide general context and illustrate the competitiveness of 

our model's performance, rather than to serve as a direct, formal benchmark. As the datasets, languages, and specific 

tasks differ substantially across these studies, a direct claim of superiority over these models would be inappropriate. 

The comparison covers a range of models, from hybrid architectures to Transformer-based models, applied to diverse 

datasets. 

Table 2. Model Comparison 
Researcher Model Dataset Accuracy 

Bharti et al. [44] CNN+BiGRU+SVM ISEAR, WASSA, and Emotion-stimulus 80.11% 

Anam et al. [45] SMOTE+GRU+BiLSTM Twitter 89.00% 

Putra et al. [46] XGBoost + RF + LSTM meta learner Kaggle 88.00% 

Owen et al. [47] SBERT+ TextConvonet Customized Data e-wallet service providers 86.90% 

This Research IndoBERT + Supervise Contrastive Learning Customized Survey on Tourism 96.59% 

 

From the comparison in table 2, several key points can be drawn to justify the superiority of this study. First and 

foremost, our proposed model, IndoBERT-SupCon, achieved an accuracy of 96.59%, significantly outperforming all 

the comparative studies presented. This represents a substantial performance difference, approximately 7.59% higher 

than the study with the second-highest accuracy (Anam et al., 89.00%). In terms of model architecture, previous studies 

tended to use a combination of hybrid models (e.g., CNN+BiGRU) or ensemble models (XGBoost+RF+LSTM). While 

these approaches are powerful, our study shows that a more effective strategy is to fine-tune a single, robust pre-trained 

transformer model (IndoBERT) using a sophisticated fine-tuning technique (Supervised Contrastive Learning), rather 

than combining multiple older architectures. This indicates that the quality of the feature representations produced by 

IndoBERT-SupCon is superior. 

Dataset factors also play a significant role. Several comparable studies used common public datasets (ISEAR, Kaggle) 

or social media data (Twitter), which tend to be highly noisy. The study by Owen et al. used custom data, similar to 

this study, but in a different domain (e-wallet services) and with a different model (SBERT). Our model's success in 

achieving the highest accuracy on custom datasets from surveys and interviews demonstrates that the IndoBERT-

SupCon architecture is highly reliable in handling specific and nuanced data, which is often more complex than general 

review text. Overall, this comparison confirms the contribution of our research: the combination of a local context-

specific language model (IndoBERT), an innovative training mechanism (SupCon), and application to a high-quality 

primary dataset has proven to produce state-of-the-art performance that surpasses previous approaches. 

5. Conclusion 

This study was driven by the need for a reliable and accurate model to examine the multifaceted opinions of 

stakeholders on the growth of halal tourism in Pariaman, as mentioned in the Introduction. It was proposed that adding 

a more sophisticated learning process to a conventional fine-tuning method for IndoBERT could enhance it. In order 
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to improve feature representation, we developed the IndoBERT-SupCon model, which incorporates Supervised 

Contrastive Learning. According to the results in the Results and Discussion chapter, this expectation has been fulfilled. 

The suggested IndoBERT-SupCon model outperformed a number of baseline models, including a typical fine-tuned 

IndoBERT, with a high accuracy of 96.59%. This outcome offers compelling proof that the incorporation of Supervised 

Contrastive Learning, as proposed, successfully generates a more discriminative feature space, resulting in a more 

precise categorisation of complex emotions. This shows that the results obtained using the suggested methodology and 

the problem mentioned in the introduction are clearly compatible. 

The success of this study brings up a number of opportunities for future development and applications. The IndoBERT-

SupCon architecture can be further evaluated on larger and more varied datasets across many domains to confirm its 

generalisability and robustness for the advancement of the research findings. Additionally, the incorporation of aspect-

based sentiment analysis may be investigated in subsequent research. The model should be improved to pinpoint certain 

elements (such as "facilities," "certification," and "social impact") that influence favourable or unfavourable opinions 

rather than categorising sentiment in general. This would yield more detailed information.It is important to 

acknowledge several limitations in this study. First, our comparative analysis relies on a single, stratified 80:20 data 

split rather than a more robust k-fold cross-validation scheme. Consequently, while the performance improvements of 

our proposed IndoBERT-SupCon model over the baselines are substantial and consistent across multiple metrics, we 

did not perform formal statistical significance testing. The primary focus of this study was the empirical demonstration 

of the proposed architecture's effectiveness. Therefore, a rigorous statistical validation of the model's superiority is 

noted as an important direction for future work. 

Furthermore, this study does not include a formal analysis of computational efficiency. Our objective was centered on 

establishing predictive accuracy, and as such, a benchmark of the practical trade-offs between accuracy, training time, 

and resource requirements was considered beyond our initial scope. This remains a crucial next step for evaluating 

real-world deployment scenarios. Finally, limitations related to the dataset itself should be considered. The use of 

purposive sampling, while effective for targeting specific stakeholders, may limit the generalizability of our findings 

to the entire population. Additionally, while the SMOTE technique was essential for mitigating model bias due to class 

imbalance , it carries an inherent risk of generating synthetic samples or artifacts that may not perfectly capture the 

nuances of the original data distribution. These factors should be taken into account when interpreting the results. 

In terms of potential applications, the Pariaman local government can use this model as a useful tool to track public 

opinion over time and make data-driven policy changes. A strong technique for examining stakeholder input and 

making sure that strategic objectives are in line with public opinion. The framework developed in this study, from data 

collection to analysis, can also be adopted as a blueprint for other regional development studies in Indonesia, offering 

a robust method for analyzing stakeholder feedback and ensuring strategic initiatives align with public sentiment. 
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