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 The growth of user-generated content on social media has increased the need 

for effective sentiment analysis methods. Although fine-tuned transformer-

based models and zero-shot large language models (LLMs) have both been 

applied to sentiment classification, comparisons across languages under 

unified evaluation settings remain limited. This study examines the trade-offs 

between task-specific fine-tuning and instruction-based zero-shot inference 

for multilingual sentiment classification. Experiments were conducted using 

two publicly available Twitter sentiment datasets in Indonesian and English, 

each annotated into three sentiment classes. Fine-tuned RoBERTa-based 

models were evaluated on full test sets, while all models, including a zero-shot 

LLM, were compared using an identical controlled subset. Performance was 

assessed using accuracy and macro-averaged precision, recall, and F1-score, 

with macro F1-score as the primary metric. The results show that fine-tuned 

RoBERTa-based models achieve stable and balanced performance across 

sentiment classes, with monolingual models consistently outperforming 

multilingual variants. Under controlled evaluation, zero-shot LLMs 

demonstrate competitive performance in English but remain less effective in 

Indonesian, indicating that their effectiveness is influenced by language 

resource availability. Overall, this study provides a controlled comparison of 

the strengths and limitations of fine-tuned and zero-shot approaches for 

multilingual sentiment classification. 
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1. INTRODUCTION 

The rapid growth of digital platforms such as social media, online forums, and product review 

websites has resulted in an unprecedented volume of unstructured textual data. These texts contain valuable 

information reflecting public opinions, attitudes, and emotions toward various topics, products, or events. 

However, manual analysis of such large-scale textual data is impractical and inefficient, making automated 

sentiment analysis an essential task in Natural Language Processing (NLP) to transform raw text into structured 

and actionable insights for decision-making across multiple domains [1], [2], [3], [4]. 

https://creativecommons.org/licenses/by-sa/4.0/
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To realize this potential, the development of computational methods in NLP, particularly for 

automated sentiment analysis, has rapidly expanded over recent years [5], [6], [7], [8], [9]. Early approaches 

to sentiment analysis primarily relied on lexicon-based methods and traditional machine learning algorithms 

such as Support Vector Machine, Decision Tree, and Naive Bayes. While these methods were widely adopted 

and effective as baseline classifiers, they were heavily dependent on handcrafted features and bag-of-words 

representations, which limited their ability to capture contextual meaning and semantic nuances within text 

[10], [11]. Although sequential neural network-based methods have addressed this problem, they are hampered 

by inefficient sequential processing at training time and suffer from limitations in retaining information in long 

sentences [12], [13]. 

The introduction of the Transformer architecture marked a significant advancement in NLP by 

enabling parallel processing through self-attention mechanisms [12]. This innovation led to the emergence of 

pre-trained language models, notably Bidirectional Encoder Representations from Transformers (BERT), 

which introduced bidirectional contextual representations [14]. Further improvements were achieved by 

Robustly optimized BERT approach (RoBERTa), which optimized the training strategy by removing the Next 

Sentence Prediction objective, applying dynamic masking, and utilizing larger training corpora, resulting in 

stronger performance on various NLP classification tasks [15], [16]. In addition, recent Large Language 

Models (LLMs) offer zero-shot capabilities that enable sentiment classification without extensive task-specific 

fine-tuning, which is particularly advantageous in real-world scenarios involving limited or continuously 

evolving labeled data [17]. 

Several studies have reported strong performance of RoBERTa-based models for sentiment analysis 

across diverse domains and languages. By leveraging contextualized representations and task-specific fine-

tuning, RoBERTa has been shown to effectively handle sentiment classification on both formal and informal 

text, indicating its robustness across different application settings [18], [19], [20], [21], [22], [23], [24]. 

In addition to RoBERTa, other transformer-based models, including monolingual and multilingual 

architectures, have been widely explored for sentiment analysis. Monolingual models tailored to specific 

languages have demonstrated strong capability in capturing language-specific semantics, while multilingual 

models provide broader cross-lingual generalization, particularly for low-resource languages. These studies 

suggest a trade-off between linguistic specificity and multilingual robustness in transformer-based sentiment 

analysis [25], [26], [27], [28], [29]. 

More recent studies have investigated the use of LLMs for sentiment analysis in zero-shot or 

instruction-based settings. Several studies indicate that LLMs can achieve competitive performance without 

task-specific fine-tuning, highlighting their flexibility in multilingual and dynamically evolving real-world 

scenarios [30], [31], [32]. However, other findings suggest that LLMs may still underperform compared to 

fine-tuned transformer-based models for certain tasks, such as aspect-based sentiment analysis [17]. 

Despite the extensive use of transformer-based models and the growing interest in zero-shot LLM 

approaches, existing studies generally evaluate these methods in isolation. Prior research often focuses on a 

single model family, a specific language, or a particular learning paradigm, making direct comparisons across 

different transformer-based approaches and LLMs difficult. Moreover, variations in datasets, class definitions, 

and evaluation protocols further limit the generalizability of conclusions drawn from previous studies. 

Therefore, there remains a lack of comprehensive evaluation that jointly compares fine-tuned encoder-

based transformer models and zero-shot Large Language Models under a unified experimental framework. In 

particular, systematic comparisons involving monolingual and multilingual transformer-based models across 

multiple languages for three-class sentiment classification are still limited. To address this gap, this study aims 

to compare the performance of fine-tuned RoBERTa-based models and a zero-shot LLM for sentiment 

classification in Indonesian and English, using consistent datasets and evaluation metrics. The results of this 

study are expected to provide clearer insights into the trade-offs between task-specific fine-tuning and zero-

shot inference in multilingual sentiment analysis. 

 

 

2. METHOD 

Research Framework 

This study follows a structured experimental workflow consisting of data collection, data preparation, 

model initialization and inference, and performance evaluation. The overall research framework is illustrated 

in Figure 1, which outlines the sequence from dataset collection to model performance evaluation and 

conclusion. 
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Figure 1. Research framework flow diagram 

 

Datasets 

This study utilizes two publicly available sentiment analysis datasets to represent Indonesian and 

English language scenarios. The Indonesian dataset is the Indonesian Twitter Sentiment Analysis Dataset–

PPKM [33], while the English dataset is the Twitter US Airline Sentiment dataset [34]. The Indonesian dataset 

consists of 23,644 tweets, and the English dataset contains 14,640 tweets, both annotated into three sentiment 

classes: positive, neutral, and negative. Both datasets exhibit class imbalance, which reflects real-world 

sentiment distributions and motivates the use of class-wise evaluation metrics. 

 

Data Pre-processing 

No additional text normalization or manual preprocessing was applied. All input texts were processed 

directly using each model's built-in tokenizer. This allows the evaluation to focus on the models’ native 

capability to handle noisy social media text. 

 

Models 

Three RoBERTa-based models were selected based on capacity equivalence (all base variants), public 

availability, and the absence of training data overlap with the evaluation datasets. 

The w11wo/indonesian-roberta-base-sentiment-classifier represents a monolingual RoBERTa model 

for Indonesian and was fine-tuned using the SmSA dataset from IndoNLU. For English sentiment analysis, 

cardiffnlp/twitter-roberta-base-sentiment-latest was employed. This model was fine-tuned on the TweetEval 

benchmark, which contains Twitter-based sentiment datasets. While exact dataset overlap cannot be fully ruled 

out, no known direct overlap with the Twitter US Airline Sentiment dataset used in this study has been reported 

in the model documentation. In addition, clapAI/roberta-base-multilingual-sentiment was included as a 

multilingual RoBERTa-based model trained on cross-lingual sentiment datasets to evaluate generalization 

across both languages. 

Differences in pre-training corpora and fine-tuning strategies among these publicly released models 

are treated as inherent characteristics rather than experimental variables. Accordingly, all models were 

evaluated in an as-is setting without additional re-training to ensure objective and fair comparison. 

In addition to fine-tuned transformer models, an LLM, GPT-4o-mini, was evaluated in a zero-shot 

setting using API-based inference. Unlike RoBERTa-based models, the LLM was not fine-tuned for sentiment 

classification and relied solely on instruction-based prompting to infer sentiment labels. This configuration 

enables a direct comparison between task-specific fine-tuning and instruction-driven zero-shot inference for 

sentiment analysis in Indonesian and English. 

To ensure methodological validity, two evaluation settings are defined in this study. First, fine-tuned 

RoBERTa-based models are evaluated on the full test sets to analyze large-scale performance and robustness. 

Second, a controlled subset evaluation is conducted in which all models, including the zero-shot LLM, are 
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evaluated on an identical stratified subset of samples. This separation allows both large-scale robustness 

analysis and fair cross-paradigm comparison. 

 

Zero-shot LLM Evaluation 

To enable a fair comparison between fine-tuned transformer models and a zero-shot LLM, all models 

were evaluated on an identical stratified subset with N = 500. The subset preserves the original class distribution 

of the datasets and was generated using a predefined random seed (42) to ensure that all models were evaluated 

on the same data samples and maintain reproducibility. 

The zero-shot LLM (GPT-4o-mini) was evaluated using instruction-based prompting without any 

task-specific fine-tuning or in-context examples. The same subsets were also used to perform inference with 

all RoBERTa-based models, allowing direct comparison under identical data conditions. 

Performance was evaluated using accuracy and macro-averaged precision, recall, and F1-score. Given 

the class imbalance and multi-class nature of the task, macro F1-score is used as the primary metric for 

comparative analysis. 

 

Experimental Setup 

All experiments were implemented in Python and executed in the Google Colab environment. 

RoBERTa-based models were evaluated using the Hugging Face Transformers library, while Zero-shot LLM 

inference was conducted via API calls within the same environment. 

To ensure consistency, all RoBERTa-based models were evaluated on entire labeled datasets for each 

language without additional training or dataset splitting. The LLM evaluation was performed independently 

and did not involve dataset splitting or parameter optimization. 

 

Evaluation Metrics 

Model performance was evaluated using accuracy, macro-averaged precision, macro-averaged recall, 

and macro-averaged F1-score. Given the class imbalance present in both datasets, macro-averaged F1-score 

was used as the primary metric for performance comparison. In addition, confusion matrix analysis was used 

to examine class-level prediction behavior, particularly for minority sentiment classes. 

For the zero-shot LLM, evaluation was conducted using the same quantitative metrics as the 

transformer-based models. This enables direct comparison between fine-tuned transformer models and 

instruction-based zero-shot inference under identical evaluation conditions. Evaluation was performed using 

instruction-based prompting, where the model was instructed to assign exactly one sentiment label (negative, 

neutral, or positive) to each input text without providing explanations. 

 

 

3. RESULTS AND DISCUSSIONS 

The results indicate that fine-tuned RoBERTa-based models achieve strong performance on both 

Indonesian and English sentiment classification tasks. On the Indonesian dataset, the monolingual RoBERTa 

model outperforms the multilingual model in terms of macro F1-score, highlighting the benefit of language-

specific fine-tuning for informal social media text. A similar pattern is observed in the English dataset, where 

the English RoBERTa model demonstrates the highest overall performance. These results reflect large-scale 

evaluation of fine-tuned transformer models and are reported to provide contextual insight into their overall 

performance characteristics. A detailed comparison of model performance is presented in Table 1. 

 

Table 1. Overall performance of fine-tuned RoBERTa-based Models 
Model Language Accuracy Macro Precision Macro Recall Macro F1-score 

RoBERTa (Monolingual) Indonesian 0.7624 0.6335 0.7640 0.6630 

RoBERTa (Multilingual) Indonesian 0.7353 0.6019 0.6993 0.6236 
RoBERTa (Monolingual) English 0.8100 0.7453 0.7825 0.7606 

RoBERTa (Multilingual) English 0.7480 0.6894 0.7367 0.7065 
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Class-wise Error Analysis Using Confusion Matrices 

 

 
Figure 2. Confusion matrix English RoBERTa 

Figure 2 presents the confusion matrix of the English RoBERTa model evaluated on the Twitter US 

Airline Sentiment dataset. It shows that the model achieves overall accuracy of 0.8100. However, with the 

macro F1-score of 0.7606, it becomes clear that the performance varies across different sentiment classes. 

The negative class performs relatively well, with precision and recall reaching 0.9153 and 0.8599, 

respectively, indicating that most instances are correctly identified. Misclassifications occur primarily in the 

neutral class, while error against the positive class remains limited. This indicates that the model is effective in 

capturing patterns associated with this negative class. 

In contrast, the neutral class shows comparatively lower performance, as reflected by its precision and 

recall of 0.6163 and 0.6137, respectively. A notable number of instances from this class were misclassified 

into negative and positive classes, possibly indicating ambiguity in the neutral sentiment. This shows that the 

model finds this class more challenging to distinguish. 

The positive class performed moderately, with a precision of 0.7043 and a recall of 0.8739. 

Misclassification errors were primarily directed at neutral sentiment, which may indicate that subtle positive 

sentiment is still sometimes perceived as neutral. 

 

 
Figure 3. Confusion matrix Indonesian RoBERTa 

Figure 3 illustrates the confusion matrix of the Indonesian RoBERTa model on the PPKM Twitter 

dataset. Compared to the previous matrix, the model achieves a slightly lower overall accuracy and macro F1-

score of 0.7624 and 0.6630, respectively. 

The negative class shows moderate performance, with precision at 0.6131 and a higher recall of 

0.7264. This indicates that the model is able to capture most negative instances but also tends to classify neutral 

as negative. A portion of neutral instances are misclassified as negative, showing that neutral sentiment might 

have some degree of ambiguity in the sentiment. 
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For the neutral class, it performs decently, with a high precision of 0.9477 and a recall of 0.7665. For 

this label, the model shows that predictions of neutral sentiment are highly reliable, but with some labels still 

mixed with negative and positive labels. It indicates that some neutral expression may overlap with other 

sentiment categories. 

Finally, for the positive class, this model had the lowest precision of 0.3396, with a fairly good recall 

of 0.7993. Although this model was able to capture most positive cases, it frequently classified non-positive 

cases as positive. A large number of negative and neutral labels were incorrectly predicted as positive, 

indicating that the model overpredicted the positive class. 

 

Controlled Subset Evaluation Across Models 

To enable a fair comparison across different modeling paradigms, all models were evaluated on an 

identical stratified subset of N = 500 samples, preserving the original class distribution of the datasets. Unlike 

the large-scale evaluation presented earlier, this controlled evaluation setting was specifically designed to 

ensure that fine-tuned transformer models and the zero-shot LLM were assessed under the same data 

conditions, using the same inference-only procedure and identical evaluation metrics. 

Performance on the controlled subset was evaluated using accuracy and macro-averaged precision, 

recall, and F1-score. Given the presence of class imbalance and the multi-class nature of the task, macro F1-

score is used as the primary metric for comparative analysis, as it better reflects balanced class-wise 

performance across sentiment categories. The results of this controlled comparison are summarized in Table 

2. 

 

Table 2. Performance comparison of fine-tuned and zero-shot LLM on identical controlled subset (N = 500) 
Model Language Accuracy Macro Precision Macro Recall Macro F1-score 

RoBERTa (Monolingual) Indonesian 0.748 0.6252 0.7417 0.6433 

RoBERTa (Multilingual) Indonesian 0.722 0.5949 0.7033 0.6152 
GPT-4o-mini (Zero-shot) Indonesian 0.682 0.5562 0.6722 0.5799 

RoBERTa (Monolingual) English 0.852 0.7987 0.8272 0.8110 

RoBERTa (Multilingual) English 0.794 0.7481 0.7772 0.7564 
GPT-4o-mini (Zero-shot) English 0.850 0.7936 0.8210 0.8056 

 

Under identical data constraints, fine-tuned RoBERTa-based models continue to demonstrate more 

balanced class-wise performance compared to the zero-shot LLM, particularly on the Indonesian dataset. The 

monolingual and multilingual RoBERTa models achieve higher macro F1-scores than the LLM, showing that 

specific training to a particular language can make the model more reliable in classifying sentiment with that 

language compared to those trained on multiple languages. 

For the English dataset, the performance gap between fine-tuned models and the zero-shot LLM is 

reduced, indicating that the LLM remains competitive with the monolingual model. This may be attributed to 

the extensive exposure of English data during pretraining, which enables the LLM to better capture sentiment 

patterns even without task-specific fine-tuning. 

 

Discussions 

This study compares fine-tuned RoBERTa-based models and a zero-shot LLM for multilingual 

sentiment classification under large-scale and controlled evaluation settings. Large-scale evaluation 

demonstrates that monolingual RoBERTa models achieve the strongest overall performance in both Indonesian 

and English datasets, highlighting the effectiveness of language-specific fine-tuning. 

It can be seen that the monolingual model outperforms the multilingual model on both Indonesian and 

English, indicating that models trained specifically on a particular language have an advantage in this regard. 

Furthermore, it can also be observed in the controlled subset evaluation that the zero-shot LLM does not surpass 

either the monolingual or multilingual models on the Indonesian dataset. This suggests that zero-shot 

approaches may be less effective in lower-resource language settings. 

In contrast, for the English dataset, the zero-shot LLM demonstrates competitive performance, even 

approaching the results of the monolingual model. This indicates that zero-shot LLMs can be more effective 

in high-resource language settings. 
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4. CONCLUSION 

This study compares fine-tuned RoBERTa-based models and a zero-shot LLM for multilingual 

sentiment classification under both large-scale and controlled evaluation settings. The results show that the 

monolingual RoBERTa model consistently produces better performance than the multilingual model. In the 

controlled subset scenario, the monolingual model still outperforms both the multilingual model and the zero-

shot LLM on the Indonesian dataset, indicating that the zero-shot approach is suboptimal for low-resource 

languages. In contrast, on the English dataset, the zero-shot LLM demonstrates competitive performance, 

approaching the monolingual model. This indicates that in addition to the monolingual model, the zero-shot 

LLM approach is also effective in high-resource languages. Overall, the monolingual model remains a more 

stable choice for multi-class sentiment analysis, followed by the zero-shot LLM which can be an alternative 

by considering the characteristics of the target language. Future research may explore approaches that combine 

the strengths of both paradigms, such as prompt optimization or lightweight fine-tuning, to improve the 

robustness of sentiment analysis systems in multilingual contexts. 
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