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Financial news sentiment classification was important for understanding
market narratives and investor perception, but Indonesian financial news
remained challenging because it contained domain-specific terminology,
numerical expressions, and imbalanced sentiment categories. This study
benchmarked two transformer-based models, IndoBERT and Multilingual

BERT, for classifying Indonesian financial news sentiment into negative,
neutral, and positive classes. The dataset consisted of economic and financial
Keywords: news articles from Kontan, CNBC, and Bisnis.com during the first quarter of
2026. After preprocessing, 3,366 articles were used, consisting of 3,070
neutral, 184 negative, and 112 positive articles. The dataset was divided into

Financial news;

Classification; training, validation, and testing sets using stratified splitting. Class weighting
Transformer-based models; was applied to reduce the effect of class imbalance. The results showed that
IndoBERT; IndoBERT achieved the best overall performance, with 0.94 accuracy and
Multilingual BERT 0.71 macro Fl1-score, while Multilingual BERT achieved 0.93 accuracy and
0.70 macro Fl-score. These findings indicated that IndoBERT was more
suitable for Indonesian financial news sentiment classification, although
Multilingual BERT remained competitive, especially in detecting positive
sentiment.
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1. Introduction

Media sentiment has become an important component in financial market analysis because news
narratives can influence investor perception, market confidence, and trading behavior[1]. In the digital
financial ecosystem, investors are continuously exposed to large volumes of online news related to stock
movements, macroeconomic conditions, corporate actions, government policies, investment risks, and market
expectations. [2] These narratives may contain positive, negative, or neutral sentiment that can shape public
interpretation of economic and financial conditions[3]. Therefore, sentiment classification of financial news
has become an important natural language processing task, especially for understanding how media
narratives represent stock market and economic issues [4].

In Indonesia, financial and economic news is widely disseminated through online media platforms
such as Kontan, CNBC Indonesia, and Bisnis.com. These media outlets provide continuous information
related to investment, capital markets, listed companies, stock exchange activity, and economic policy.
However, the large volume of financial news makes manual sentiment analysis inefficient, time-consuming,
and difficult to scale. In addition, financial sentiment is often context-dependent. Words or phrases that
appear neutral in general language may carry positive or negative implications in a financial context,
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especially when associated with stock prices, investor actions, interest rates, exchange rates, commodity
movements, or corporate performance [5].

The main problem addressed in this study is the need for a reliable benchmarking framework for
Indonesian financial news sentiment classification using transformer-based natural language processing
models. Although sentiment analysis has been widely studied, financial news sentiment classification
remains challenging because financial texts contain domain-specific terminology, numerical expressions,
implicit sentiment, and market-specific narratives. In addition, Indonesian financial sentiment datasets are
still limited, particularly those focusing on stock market-related news from major financial media sources.
These challenges require models that can capture Indonesian linguistic structures and contextual financial
meaning. [6], [7].

Transformer-based language models have significantly improved text classification tasks because
they can learn contextual word representations from large-scale text data. In this study, two transformer-
based models were evaluated: IndoBERT and Multilingual BERT. IndoBERT represents an Indonesian-
specific pre-trained language model, while Multilingual BERT represents a multilingual transformer model
that supports Indonesian as one of its languages. Comparing these two models is important because it
provides insight into whether a language-specific transformer model is more effective than a multilingual
model for Indonesian financial news sentiment classification [8], [9].

In addition to IndoBERT, Multilingual BERT is also relevant for this study because it was pre-
trained on multiple languages, including Indonesian [10]. Multilingual BERT provides a broader language
representation and can be used as a comparison model to evaluate whether an Indonesian-specific model
performs better than a multilingual transformer model [11]. Comparing these two models is important
because Indonesian financial news classification requires both language understanding and contextual
interpretation. IndoBERT may have advantages in Indonesian linguistic representation, while Multilingual
BERT may benefit from multilingual pretraining and broader cross-lingual knowledge[12].

However, there is still a research gap in benchmarking Indonesian-specific and multilingual
transformer models for Indonesian financial news sentiment classification. Many sentiment analysis studies
focus on general-domain text, such as product reviews, social media comments, or public opinion data[13].
Financial news has different linguistic characteristics because it contains formal journalistic language,
financial terminology, numerical expressions, and market-specific narratives. Moreover, Indonesian financial
sentiment datasets are still limited, especially datasets that focus on stock market-related news from major
Indonesian financial media outlets [14], [15], [16].

The dataset used in this study consisted of Indonesian economic and financial news from the first
quarter of 2026 collected from Kontan, CNBC Indonesia, and Bisnis.com. The dataset included article titles,
article content, media sources, sentiment labels, polarity scores, and confidence scores. The sentiment labels
were generated automatically by a machine learning model; therefore, they were treated as pseudo-labels
rather than manually verified ground truth. This condition makes the study relevant for weakly supervised
sentiment classification, where machine-generated labels are used to train and evaluate classification models.

To address this problem, this study proposes a benchmarking experiment using two transformer-
based models: IndoBERT and Multilingual BERT. The models are trained and evaluated on the same
Indonesian financial news dataset to classify sentiment into three categories: negative, neutral, and positive.
The experiment uses a supervised text classification framework with stratified data splitting, class weighting
to handle class imbalance, and evaluation metrics such as accuracy, precision, recall, macro F1-score, and
weighted F1-score. Macro F1-score is emphasized because the dataset is highly imbalanced, with neutral
sentiment dominating the class distribution.

The novelty of this research lies in the comparative evaluation of Indonesian-specific and
multilingual transformer models for financial news sentiment classification in the Indonesian language.
Unlike general sentiment analysis studies, this research focuses on financial and stock market news, where
sentiment interpretation is more domain-sensitive. Furthermore, this study explicitly considers the use of
machine-generated sentiment labels as pseudo-labels, making it relevant for weakly supervised sentiment
classification. By comparing IndoBERT and Multilingual BERT under the same experimental setting, this
research provides insight into whether an Indonesian-specific transformer model is more suitable than a
multilingual transformer model for Indonesian financial news sentiment classification.

The expected contribution of this study is twofold. First, it provides an experimental benchmark for
Indonesian financial news sentiment classification using two transformer-based models. Second, it offers
methodological insight into the use of pseudo-labeled financial news data for natural language processing
experiments. The results of this study are expected to support future research in financial sentiment analysis,
media narrative analysis, and the development of sentiment-based indicators for Indonesian stock market
analysis.
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2. Literature Review

Sentiment analysis has become an important task in natural language processing because it enables
automatic identification of opinions, attitudes, and emotional polarity in text. In the financial domain,
sentiment analysis is more complex than general-domain sentiment classification because financial text often
contains technical terms, numerical indicators, implicit meanings, and market-specific expressions. For
example, terms related to price correction, foreign net sell, interest rate changes, or commodity fluctuations
may contain sentiment implications that require contextual interpretation.

The development of transformer-based models has improved the performance of text classification
tasks. BERT introduced bidirectional contextual representation, allowing a model to understand text by
considering both left and right contexts simultaneously. This architecture has been widely used for
downstream tasks such as sentiment classification, question answering, and natural language inference [17].
For Indonesian natural language processing, IndoBERT was developed as part of Indonesian language
understanding resources and has been widely used in Indonesian text classification tasks. Since IndoBERT
was pre-trained on Indonesian corpora, it is expected to capture Indonesian linguistic characteristics more
effectively than multilingual models[18].

Multilingual BERT is also relevant for Indonesian text classification because it was trained on
multiple languages and can process Indonesian text without requiring a monolingual model. However,
multilingual models may distribute their representational capacity across many languages, which can reduce
their sensitivity to language-specific patterns. Therefore, comparing IndoBERT and Multilingual BERT is
important to determine whether an Indonesian-specific model provides better performance in financial news
sentiment classification [19].

Previous studies in financial sentiment analysis have shown that domain-specific and language-
specific models can provide advantages when dealing with specialized vocabulary and contextual
expressions. However, studies focusing on Indonesian financial news sentiment classification are still
limited. Most sentiment analysis research in Indonesian focuses on social media, public opinion, product
reviews, or general news. This study addresses this gap by benchmarking IndoBERT and Multilingual BERT
using Indonesian financial news data and by analyzing model performance under class imbalance conditions.

3. Research Method

This study used a quantitative experimental research design with a benchmarking approach. The
objective was to compare two transformer-based models, namely IndoBERT and Multilingual BERT, for
Indonesian financial news sentiment classification. The classification task was formulated as a supervised
text classification problem, where the input consisted of Indonesian financial news text and the output
consisted of three sentiment classes: negative, neutral, and positive.

The use of transformer-based models was selected because these models have demonstrated strong
performance across a wide range of natural language processing tasks, particularly in text classification,
sentiment analysis, and sequence understanding. Transformer architectures are capable of capturing long-
range dependencies within textual data more effectively than many traditional machine learning and recurrent
neural network approaches. Their self-attention mechanism allows the model to identify relationships
between words and phrases regardless of their positions in a sentence, making them highly suitable for
processing complex textual information. In addition, transformer-based models benefit from large-scale pre-
training, enabling them to learn rich linguistic representations that can later be adapted to specific
downstream tasks through fine-tuning.

BERT introduced bidirectional contextual representation, which enables a language model to
understand a word based on both left and right contexts and to be fine-tuned for downstream classification
tasks with minimal task-specific architectural changes [20]. This capability allows the model to generate
more context-aware representations of text, improving its ability to capture semantic meaning and linguistic
nuances. As a result, BERT has become one of the most influential pre-trained language models in modern
natural language processing research.

IndoBERT was used because it was developed as part of IndoNLU, a benchmark and resource
collection for Indonesian natural language understanding tasks, including Indonesian pre-trained language
models [21]. Since IndoBERT was specifically trained on Indonesian-language corpora, it is expected to
better understand Indonesian vocabulary, grammar, sentence structures, and contextual expressions compared
with models trained primarily on other languages. This makes IndoBERT particularly suitable for research
involving Indonesian textual data.

Multilingual BERT was used as a comparison model because it was pre-trained on the top 104
languages using Wikipedia and masked language modeling[22]. The inclusion of Multilingual BERT enables
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an evaluation of whether a language-specific model such as IndoBERT provides advantages over a
multilingual model when handling Indonesian-language classification tasks.

The research workflow consisted of data acquisition, data inspection, text preprocessing, label
encoding, dataset splitting, class imbalance handling, tokenization, model fine-tuning, model testing, and
performance evaluation can be see in Figure 1. Each stage was conducted systematically to ensure data
quality, improve model learning effectiveness, and provide a reliable assessment of model performance
throughout the experimental process.
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Figure 1. Research Flow
2.1 Data Acquisition
The dataset used in this study was Indonesian economic and financial news sentiment data from the
first quarter of 2026. The dataset contained news articles from three Indonesian financial news sources,
namely Kontan, CNBC, and Bisnis.com. The raw dataset consisted of 3,376 records and 8 attributes, namely
date_publication, media_source, title article, content article, url article, sentiment_label, polarity score, and
ai_confidence summarized in the Table 1.
Table 1. Dataset attributes

Attribute Description
date_publication Publication date of the financial news article
media_source Source of the news article
title_article News article title
content_article Article content
url article Article URL
sentiment label  Sentiment class generated by the sentiment model
polarity score Sentiment polarity score
ai_confidence Confidence score of the machine-generated label

The sentiment labels used in this study were not manually assigned by human annotators. Instead,
the labels were generated automatically using a machine learning-based sentiment classification process.
Each article was assigned one of three sentiment labels: negative, neutral, or positive. In addition, the dataset
included polarity scores and confidence scores that represented the model-generated sentiment output.

Because the labels were generated automatically, they were treated as pseudo-labels rather than
human-verified ground truth. This distinction is important because machine-generated labels may contain
noise or misclassification, especially in domain-specific financial texts. Therefore, the objective of this study
was not to claim absolute sentiment correctness, but to benchmark how well IndoBERT and Multilingual
BERT learned and generalized sentiment patterns from pseudo-labeled Indonesian financial news data.

This labeling condition also influenced the interpretation of the results. High model performance
indicates consistency with the machine-generated labeling patterns, while lower performance in minority
classes may reflect both model limitations and potential uncertainty in the pseudo-labeling process.
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2.2 Data Inspection

The initial inspection showed that there were no missing values in the main dataset attributes
summarized in the Table 2 and 3. The initial sentiment distribution consisted of 3,080 neutral articles, 184
negative articles, and 112 positive articles. The media source distribution consisted of 1,711 articles from
Kontan, 883 articles from CNBC, and 782 articles from Bisnis.com.

Table 2. Initial sentiment distribution
Sentiment Class Number of Articles

Neutral 3,080
Negative 184
Positive 112

Table 3. Media source distribution
Media Source Number of Articles

Kontan 1,711
CNBC 883
Bisnis.com 782

The class distribution showed that the dataset was highly imbalanced, with the neutral class
dominating the dataset. This condition required the use of class weights and macro-averaged metrics during
model evaluation.

2.3 Text Preprocessing
Text preprocessing was performed to prepare the dataset for transformer-based classification. The
preprocessing steps included:
1. Text cleaning
The first step was text cleaning, which removed unnecessary elements such as HTML tags, URLs,
excessive whitespace, and non-informative formatting. This step was important because raw news
content may contain reporter information, editor information, extraction artifacts, or web formatting
that does not directly contribute to sentiment classification.
2. Text construction
The article title and article content were combined into one text input because the title often contains
the main news signal, while the content provides additional contextual information. The combined
text was used as the input for both IndoBERT and Multilingual BERT.
text = title_article + content_article )
3. Duplicate removal
Duplicate articles were removed based on the article URL and the combination of title and content
to avoid data redundancy and potential bias during training and testing.
4. Label normalization
Sentiment labels were standardized into three classes: negative, neutral, and positive. These labels
were then encoded into numerical form, where negative was encoded as 0, neutral as 1, and positive
as 2.
5. Invalid data removal
Since transformer models require tokenized input, each text was tokenized using the tokenizer
associated with each model. IndoBERT used the IndoBERT tokenizer, while Multilingual BERT
used the multilingual BERT tokenizer. The maximum sequence length was set to 256 tokens.
Longer articles were truncated to fit this maximum length, while shorter articles were padded
dynamically during training.
After preprocessing, the final dataset contained 3,366 records. The final sentiment distribution consisted of
3,070 neutral articles, 184 negative articles, and 112 positive articles summarized in the Table 4.

Table 4. Final sentiment distribution after preprocessing
Sentiment Class Number of Articles

Neutral 3,070
Negative 184
Positive 112
Total 3,366
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2.4 Label Encoding
The sentiment labels were converted into numerical values to be used in the classification models.
This encoding was used consistently for both IndoBERT and Multilingual BERT summarized in the Table 5.

Table 5. Label encoding
Sentiment Label Encoded Value

Negative 0
Neutral 1
Positive 2

2.5 Dataset Splitting

The dataset was divided into training, validation, and testing subsets using stratified splitting.
Stratified splitting was used to preserve the proportion of each sentiment class in all subsets. The training set
consisted of 2,149 neutral, 129 negative, and 78 positive articles. The validation set consisted of 461 neutral,
27 negative, and 17 positive articles. The test set consisted of 460 neutral, 28 negative, and 17 positive
articles summarized in the Table 6.

Table 6. Class distribution in each data subset
Subset Negative Neutral Positive Total

Training 129 2,149 78 2,356
Validation 27 461 17 505
Testing 28 460 17 505

2.6 Handling Imbalanced Data
Because the dataset was dominated by the neutral class, class weighting was applied during model
training. The computed class weights were summarized in the Table 7.

Table 7. Class distribution in each data subset
Sentiment Class Class Weight

Negative 6.0879
Neutral 0.3654
Positive 10.0684

The positive class received the highest weight because it had the smallest number of samples. The
weighted cross-entropy loss was used to reduce the tendency of the model to overfit the majority class
[23].The weighted cross-entropy loss is defined as:

c
L= wylog3) @
i=1

where C is the number of classes, w; is the class_weight, y; is the true label, and ¥, is the predicted probability
for class i.

2.7 Transformer-Based Models
IndoBERT was used to represent an Indonesian-specific transformer model. Multilingual BERT was
used as a multilingual comparison model. Both models were fine-tuned for the same three-class sentiment
classification task.This study compared two transformer-based models summarized in the Table 8.
Table 8. Models used in the experiment

Model Checkpoint Description
IndoBERT indobenchmark/indobert-base- Indonesian pre-trained BERT model
pl
Multilingual bert-base-multilingual-cased Multilingual BERT model trained on multiple
BERT languages
2.8 Tokenization

Each model used its own tokenizer. The text input was tokenized using a maximum sequence length
of 256 tokens. Tokenization was performed with truncation to ensure that long articles could be processed
within the input length limit [24]. The tokenization process produced the following inputs summarized in the
Table 9.
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Table 9. Training configuration

Input Description
input_ids Token identifiers generated by the tokenizer
attention mask Mask indicating valid tokens and padding tokens
labels Encoded sentiment labels

2.9 Model Training Procedure
Both IndoBERT and Multilingual BERT were fine-tuned using the same training configuration to
ensure a fair comparison summarized in the Table 10.

Table 10. Training configuration

Parameter Value

Number of epochs 3

Learning rate 2e-5

Batch size 8

Maximum sequence length 256 tokens

Loss function Weighted cross-entropy loss
Validation strategy Evaluation every epoch
Model selection metric Macro F1-score

Macro Fl-score was used as the main model selection metric because the dataset was highly
imbalanced. Unlike accuracy, macro Fl-score gives equal importance to each class, including minority
classes.

2.10 Evaluation Metrics
The models were evaluated using accuracy, precision, recall, macro Fl-score, and weighted F1-
score[25].
Accuracy
Accuracy measures the overall proportion of correctly classified articles[26].

TP+TN

Accuracy = ———— (3)
TP+TN+FP+FN
Precision
Precision measures how many predicted sentiment labels were correct.
Precisi e 4
recision =5 T FP 4)
Recall
Recall measures how many actual sentiment labels were successfully identified.
Recall = TP 5
TP A FN )

F1-Score
F1-score balances precision and recall.

Precision X Recall
F1=2x — (6)
Precision + Recall

Macro F1-Score
Macro F1-score calculates the average F1-score across all classes with equal weight for each class. This
metric was emphasized because the dataset contained a severe class imbalance.

c
1
MacroF1=EZF1i (7
i=1
Weighted F1-Score
Weighted F1-score calculates the average F1-score by considering the number of samples in each class[27].

c
n.
Weighted F1 = Z SR, ®)
i=1
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4. Result and Discussion

This section presents the experimental results and discussion of transformer-based sentiment
classification models for Indonesian financial news. The models evaluated in this study were IndoBERT and
Multilingual BERT. The evaluation was conducted using accuracy, precision, recall, macro F1-score, and
weighted F1-score. The discussion is divided into dataset analysis, training results, test performance, and
comparative interpretation.

4.1 Dataset Overview

The dataset used in this study consisted of Indonesian economic and financial news articles from the
first quarter of 2026. The original dataset contained 3,376 records and 8 attributes, namely date publication,
media_source, title article, content article, url article, sentiment label, polarity score, and ai_confidence.
No missing values were found in the main attributes. After preprocessing and duplicate removal, the dataset
contained 3,366 records summarized in the Table 11.

Table 11. Dataset summary

Component Value
Initial data 3,376 records
Final data after preprocessing 3,366 records
Number of attributes 8 attributes
Sentiment classes Negative, Neutral, Positive
Media sources Kontan, CNBC, Bisnis.com

The media source distribution showed that most articles came from Kontan, followed by CNBC and
Bisnis.com. Kontan contributed 1,711 articles, CNBC contributed 883 articles, and Bisnis.com contributed
782 articles. This distribution indicates that the dataset was dominated by Kontan articles summarized in the
Table 12.

Table 12. Media source distribution

Media Source Number of Articles

Kontan 1,711

CNBC 883

Bisnis.com 782
4.2 Sentiment Class Distribution

The sentiment class distribution showed a strong imbalance. After preprocessing, the dataset
consisted of 3,070 neutral articles, 184 negative articles, and 112 positive articles. This means that the neutral
class dominated the dataset, while positive and negative classes were minority classes summarized in the
Table 13.

Table 13. Sentiment class distribution after preprocessing
Sentiment Class Number of Articles

Neutral 3,070
Negative 184
Positive 112
Total 3,366

This imbalance is important because a model can achieve high accuracy by mainly predicting the majority
class. Therefore, macro Fl-score was used as an important evaluation metric because it gives equal
importance to each sentiment class. In addition, class weights were applied during training to reduce the bias
toward the neutral class. The computed class weights were 6.0879 for negative, 0.3654 for neutral, and
10.0684 for positive. These values indicate that the positive and negative classes received higher weights
during training.

4.3 Data Splitting
The dataset was divided into training, validation, and testing sets using stratified splitting. The
training set contained 2,356 articles, the validation set contained 505 articles, and the test set contained 505
articles. Stratified splitting was applied to preserve the proportion of sentiment classes in each subset
summarized in the Table 14.
Table 14. Dataset split

Data Subset Number of Articles Negative Neutral Positive

Training 2,356 129 2,149 78

Validation 505 27 461 17
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Testing 505 28 460 17
The class distribution in the test set shows that neutral articles remained dominant. Therefore, test results
must be interpreted carefully. Accuracy and weighted F1-score may appear high because the majority class is
large, while macro Fl-score provides a more balanced view of model performance across all sentiment
classes.

4.4 Validation Performance
The two transformer models were fine-tuned for three epochs. The best validation performance of
IndoBERT occurred in the second epoch, where it achieved an accuracy of 0.9584 and a macro Fl1-score of
0.8050. In the third epoch, the macro Fl-score slightly decreased to 0.7968, although the validation recall
increased. This indicates that IndoBERT reached its strongest validation performance before the final epoch
summarized in the Table 15.
Table 15. IndoBERT validation performance

Epoch Training Validation Accuracy Precision Recall F1 F1
Loss Loss Macro Macro Macro Weighted

1 0.6589 1.0362 0.9287 0.7901 0.5498 0.6053 0.9209

2 0.7265 0.8745 0.9584 0.9036 0.7393 0.8050 0.9543

3 0.2875 0.7252 0.9485 0.8047 0.7894 0.7968 0.9483

Multilingual BERT showed gradual improvement across epochs. Its macro F1-score increased from 0.5044
in the first epoch to 0.7084 in the third epoch. However, its best macro F1-score was still lower than the best
validation macro F1-score achieved by IndoBERT summarized in the Table 16.

Table 16. Multilingual BERT validation performance

Epoch Training Validation Accuracy Precision Recall F1 F1
Loss Loss Macro Macro Macro Weighted

1 0.8475 1.2098 0.9248 0.7764 0.4684 0.5044 0.9097

2 0.9510 0.8869 0.9366 0.7347 0.5933 0.6448 0.9268

3 0.5238 0.7734 0.9347 0.7142 0.7074 0.7084 0.9329

Based on the validation results, IndoBERT showed stronger performance than Multilingual BERT, especially
in macro F1-score. This suggests that an Indonesian-specific pre-trained transformer model was more
suitable for capturing sentiment patterns in Indonesian financial news.

4.5 Test Performance Comparison
The final evaluation was conducted using the independent test set containing 505 articles. Table 17
presents the test performance of IndoBERT and Multilingual BERT.
Table 17. Test performance comparison

Model Accuracy Precision Macro Recall Macro F1 Macro F1 Weighted
IndoBERT 0.94 0.75 0.69 0.71 0.94
Multilingual BERT  0.93 0.69 0.72 0.70 0.93

The results show that IndoBERT achieved the best overall performance based on accuracy, macro
precision, macro F1-score, and weighted F1-score. IndoBERT obtained an accuracy of 0.94, macro precision
of 0.75, macro recall of 0.69, macro F1-score of 0.71, and weighted F1-score of 0.94.

Multilingual BERT achieved slightly lower accuracy and macro F1-score, with an accuracy of 0.93
and macro Fl-score of 0.70. However, Multilingual BERT achieved higher macro recall, namely 0.72,
compared with IndoBERT’s macro recall of 0.69. This means that Multilingual BERT was slightly better in
identifying sentiment classes from a recall perspective, although its overall balance of precision and recall
was slightly lower.

4.6 Class-Level Performance Analysis
A class-level analysis was conducted to evaluate how each model performed on negative, neutral,
and positive sentiment classes summarized in the Table 18 and 19.
Table 18. IndoBERT class-level performance

Class Precision Recall FI1-Score Support
Negative 0.78 0.50 0.61 28
Neutral 0.97 0.98 0.97 460
Positive 0.50 0.59 0.54 17
Accuracy - - 0.94 505
Macro Average 0.75 0.69 0.71 505
Weighted Average 0.94 0.94 0.94 505
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Table 19. Multilingual BERT class-level performance

Class Precision Recall FI1-Score Support
Negative 0.50 0.43 0.46 28
Neutral 0.97 0.97 0.97 460
Positive 0.59 0.76 0.67 17
Accuracy - - 0.93 505
Macro Average 0.69 0.72 0.70 505
Weighted Average 0.93 0.93 0.93 505

The class-level results show that both models performed very well on the neutral class. This was
expected because the neutral class dominated the dataset. IndoBERT achieved a neutral F1-score of 0.97,
while Multilingual BERT also achieved a neutral Fl-score of 0.97. For the negative class, IndoBERT
performed better than Multilingual BERT. IndoBERT achieved a negative Fl-score of 0.61, while
Multilingual BERT achieved 0.46. This indicates that IndoBERT was more effective in recognizing negative
sentiment patterns in Indonesian financial news. For the positive class, Multilingual BERT performed better
than IndoBERT. Multilingual BERT achieved a positive F1-score of 0.67, while IndoBERT achieved 0.54.
This suggests that Multilingual BERT was more sensitive in detecting positive sentiment, as shown by its
higher positive recall of 0.76.

The class-level evaluation showed that both IndoBERT and Multilingual BERT performed very well
in classifying the neutral class. IndoBERT achieved a neutral F1-score of 0.97, while Multilingual BERT also
achieved a neutral Fl-score of 0.97. This strong performance was expected because neutral sentiment
dominated the dataset. However, both models showed lower performance on minority classes. For the
negative class, IndoBERT achieved better performance than Multilingual BERT, with an F1-score of 0.61
compared with 0.46. This indicates that IndoBERT was more effective in identifying negative sentiment
patterns in Indonesian financial news. The better performance of IndoBERT may be related to its Indonesian-
specific pretraining, which allows it to better capture local linguistic structures and contextual expressions.

For the positive class, Multilingual BERT performed better than IndoBERT. Multilingual BERT
achieved a positive F1-score of 0.67, while IndoBERT achieved 0.54. This result indicates that Multilingual
BERT was more sensitive in identifying positive sentiment in the test set. However, the number of positive
samples was very limited, with only 17 positive articles in the test set. Therefore, the performance on this
class should be interpreted carefully. The confusion matrix analysis confirmed that most classification errors
occurred in the minority classes. Negative and positive articles were more likely to be misclassified as
neutral. This occurred because the neutral class dominated the training data, making the models more
exposed to neutral sentiment patterns. Although class weighting was applied, the limited number of positive
and negative examples still affected the models’ ability to learn minority-class patterns.

4.7 Discussion

The experimental results showed that IndoBERT achieved slightly better overall performance than
Multilingual BERT. IndoBERT obtained an accuracy of 0.94 and a macro Fl-score of 0.71, while
Multilingual BERT obtained an accuracy of 0.93 and a macro F1-score of 0.70. Although the difference was
small, this result suggests that an Indonesian-specific pre-trained model was more suitable for Indonesian
financial news sentiment classification. One possible reason for IndoBERT’s better performance is its
language-specific pretraining. Since IndoBERT was trained on Indonesian text, it may better capture
Indonesian grammar, vocabulary, word formation, and contextual usage. This advantage is important for
financial news, where sentiment is often expressed through formal journalistic language and domain-specific
terms. In contrast, Multilingual BERT was trained on many languages. Although it supports Indonesian, its
representational capacity is distributed across multiple languages. As a result, it may be less specialized in
capturing Indonesian-specific expressions compared with IndoBERT. Nevertheless, Multilingual BERT
remained competitive and even showed better performance in detecting positive sentiment. This indicates
that multilingual representation can still provide useful contextual understanding for Indonesian financial
text. The results also show that model performance was strongly affected by class imbalance. The high
accuracy and weighted F1-score were influenced by the dominant neutral class. Therefore, macro F1-score
provides a more reliable comparison because it evaluates the average performance across all classes equally.
Based on macro F1-score, IndoBERT was the best model in this study.[28], [29].

This study has several limitations. First, the sentiment labels were machine-generated and were not
manually verified by human annotators. Therefore, the labels should be interpreted as pseudo-labels rather
than definitive ground truth. This may affect the reliability of the evaluation, especially for sentiment
expressions that require deeper financial domain interpretation.
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Second, the dataset was highly imbalanced, with the neutral class dominating the distribution.
Although class weighting was applied, the small number of positive and negative samples limited the
models’ ability to learn minority-class patterns effectively.

Third, this study only compared two transformer-based models, namely IndoBERT and Multilingual
BERT. Although this comparison was useful for evaluating Indonesian-specific and multilingual transformer
models, future research should include additional baselines such as Logistic Regression, Support Vector
Machine, Long Short-Term Memory, Convolutional Neural Network, IndoBERTweet, Indonesian
RoBERTa4, or financial-domain transformer models.

Fourth, the experiment used a maximum sequence length of 256 tokens. Since financial news
articles may contain important information beyond this limit, truncation may have removed useful context
from longer articles.

5. Conclusion

This study successfully addressed the objective stated in the Introduction, namely to benchmark two
transformer-based models, IndoBERT and Multilingual BERT, for Indonesian financial news sentiment
classification. The experiment used Indonesian financial news data from Kontan, CNBC, and Bisnis.com.
After preprocessing, the dataset contained 3,366 articles consisting of 3,070 neutral, 184 negative, and 112
positive articles. The results showed that IndoBERT achieved the best overall performance, with an accuracy
of 0.94, macro precision of 0.75, macro recall of 0.69, macro F1-score of 0.71, and weighted F1-score of
0.94. Multilingual BERT achieved competitive performance, with an accuracy of 0.93, macro precision of
0.69, macro recall of 0.72, macro F1-score of 0.70, and weighted F1-score of 0.93. These results indicate that
IndoBERT was slightly more suitable for Indonesian financial news sentiment classification, particularly
based on macro F1-score.

The class-level analysis showed that both models performed very well on the neutral class but still
faced challenges in classifying minority classes. IndoBERT performed better on negative sentiment, while
Multilingual BERT performed better on positive sentiment. This finding confirms that class imbalance
affected model performance and that minority-class classification remains an important challenge.

The findings of this study suggest that Indonesian-specific transformer models can provide
advantages in Indonesian financial text classification. However, the use of machine-generated pseudo-labels
and the imbalance of sentiment classes should be considered when interpreting the results. Future research
should include manually annotated data, more balanced sentiment distributions, additional baseline models,
and more advanced transformer architectures. In addition, future studies may integrate financial sentiment
classification results with stock market indicators to analyze the relationship between media sentiment and
market behavior..
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