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Abstract: The rapid growth of Indonesian digital news content necessitates automated sentiment analysis systems capable of handling
formal journalistic discourse, which differs substantially from the social media text used to train most existing sentiment classifiers. This
study investigates domain adaptation for Indonesian news sentiment analysis by fine-tuning IndoBERTa, a RoBERTa-based model for
Indonesian language processing. Using a structured data mining workflow inspired by the Cross-Industry Standard Process for Data
Mining, we collected and manually annotated 1300 news articles from two major Indonesian news portals (Kompas and Detik) into
positive, negative, and neutral categories. Zero-shot evaluation using a social-media-trained sentiment model yielded 14% accuracy,
with over 89% of samples predicted as neutral, indicating a strong domain-induced classification bias. After fine-tuning, IndoBERTa
achieved 98% accuracy, a Cohen’s kappa score of 0.98, and balanced F1-scores across all sentiment classes. While keyword-guided data
collection and class balancing likely inflate absolute performance, the results clearly demonstrate the effectiveness of domain-specific
adaptation for Indonesian news sentiment classification. The fine-tuned model is deployed in a real-time analysis pipeline and publicly
released to support further research in Indonesian Natural Language Processing (NLP).
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1. Introduction

Indonesia’s rapid digital expansion—with over 212 million
internet users recorded as of January 2024 [1]—has produced a
large and growing volume of online news content that calls for
scalable, automated tools to assess sentiment. Yet most exist-
ing sentiment analysis systems were designed with social media
in mind, and news articles pose a fundamentally different chal-
lenge [2–6]. Indonesian journalism relies on formal language
conventions in which evaluative tone is often conveyed indirectly,
through word choice, framing, or the selection of quoted voices
rather than through outright emotional language [2, 7–9]. These
structural properties make news text far more difficult to clas-
sify automatically than the short, colloquial posts that dominate
social media corpora.

The Indonesian NLP literature reflects this imbalance.
Research in this space has been heavily concentrated on social
media text, especially Twitter, where sentiment is typically
expressed with little ambiguity [10–14]. When these same mod-
els are applied to news articles, a systematic bias emerges: they
tend to classify nearly everything as neutral, regardless of the
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article’s actual tone. The formal register of Indonesian news
reporting—with its adherence to journalistic norms of balance
and its contextually embedded evaluative cues—sits outside the
distribution of data on which these models were trained [15].
Three gaps in particular motivate the present work. First, the
domain mismatch between social media and news text is well
documented but seldom addressed in Indonesian NLP [15–18].
Models built on Twitter data consistently over-assign the neutral
label when applied to news, a pattern observed across Indonesian
datasets and corroborated by research on media bias detection
more broadly [12, 19–21]. This limitation stems from fundamen-
tal differences in linguistic patterns between informal social media
posts and structured news articles, as identified in media bias
detection research [2, 22–24].

Second, there is no established, publicly available dataset
of manually annotated Indonesian news articles for sentiment
classification [15, 25, 26]. The datasets that do exist cover prod-
uct reviews or social media content [17, 27–29], leaving model
developers without a suitable benchmark for the news domain.
Although transformer-based models have shown promise on gen-
eral Indonesian NLP tasks, news-specific applications remain
poorly represented in the literature [15, 25, 30–32]. Third, current
approaches lack systematic evaluation frameworks that account
for the unique characteristics of Indonesian news discourse
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[33, 34]. Most studies employ standard metrics without con-
sidering the implicit nature of sentiment expression in formal
Indonesian journalism [35]. Standard accuracy metrics, applied
without regard for class distribution or domain-specific proper-
ties, can give an inflated impression of performance—a problem
flagged in media analysis research and in general classification
methodology alike [2, 36–38].

This paper makes four concrete contributions. First, we intro-
duce a manually annotated dataset of 1300 full-length Indonesian
news articles from Kompas and Detik, labeled into positive, neg-
ative, and neutral categories—one of the first such resources
specifically targeting formal news discourse. Second, fine-tuning
IndoBERTa on this dataset yields 98% accuracy and a Cohen’s
kappa of 0.98, an improvement of 84% points over a zero-shot
social media baseline. Third, we organize the development pipeline
using the Cross-Industry Standard Process for Data Mining
(CRISP-DM) as a structural framework, not as a novel contribu-
tion in itself but as a transparency mechanism that clarifies each
stage from data collection through deployment [39] for Indone-
sian NLP, providing a reproducible template for domain-specific
model adaptation [40]. Fourth, the resulting model is deployed in
a real-time analysis system capable of processing 15 articles per
minute and is publicly accessible via Hugging Face Hub.

Although prior Indonesian NLP research has addressed
related problems—such as clickbait detection and stance analysis
in news headlines—systematic sentiment classification of full-
length articles has received comparatively little attention. When
we evaluated a pre-trained social media classifier on our news cor-
pus, it labeled 1161 of 1300 articles (89.3%) as neutral, yielding
only 14% overall accuracy. This is not an artifact of low-sentiment
news content; it reflects a genuine failure of domain transfer. The
gap is large enough to make zero-shot approaches practically use-
less for this task, and it reinforces the case for domain-adapted
models trained directly on news data.

Beyond the classifier itself, we make both the model and the
full analysis pipeline publicly available [15, 30]. We hope this low-
ers the barrier to Indonesian NLP research in the news domain
and provides a replicable starting point for practitioners who need
to monitor Indonesian media sentiment at scale [22, 41–45].

2. Related Work

2.1. Indonesian sentiment analysis approaches

Transformer-based language models have become the stan-
dard tool for Indonesian NLP tasks since the release of
IndoBERT by Koto et al. [15] and the IndoNLU benchmark pro-
posed by Wilie et al. [25]. These foundational resources established

solid baselines for Indonesian language understanding; however,
both were validated primarily on social media data [46, 47]. The
informal, code-switched character of Indonesian Twitter text dif-
fers substantially from the register found in national news outlets,
and performance on one does not reliably predict performance on
the other [48].

Subsequent work has reflected this orientation. Saadah
et al. [17] evaluated BERT-based models for classifying pub-
lic opinion on COVID-19 vaccines from Twitter, achieving 73%
accuracy with IndoBERTweet. Pusung and Dewi [28] optimized
RoBERTa [49] through hyperparameter tuning for emotion detec-
tion, reaching 83.64% accuracy on social media content. While
these results appear promising, they highlight a consistent pattern:
high performance on informal text with unclear transferability to
formal domains [17, 28], as summarized Table 1. The applica-
tion of hybrid approaches has shown mixed results in Indonesian
contexts. Talaat [50] combined BERT with classical classifiers,
reporting 91.72% on a social media sentiment task, while Lin
and Nuha [12] tested hybrid approaches on broader Indone-
sian datasets and found that performance degraded noticeably as
domain variety increased.

Sentiment analysis has also been extended beyond social
media to applied tasks such as location-based recommendation
systems, where affective signals inform user preference model-
ing, and to sarcasm and irony detection in online text [46].
This breadth of application underscores that the challenge is not
confined to any single genre—but also that domain-specific adap-
tation consistently matters. Our work situates itself within this
broader deep learning literature by focusing on an underexplored
corner of it: formal Indonesian news discourse [6, 7, 13, 14, 51].

2.2. News-specific sentiment analysis challenges

Sentiment analysis in news text is harder than it looks. The
journalistic style that Indonesian national outlets follow—factual
framing, nominal attribution of viewpoints, hedged language—
tends to mask evaluative content that a careful human reader
would nonetheless detect [9]. Hamborg et al. [2] reviewed this
problem in the context of media bias detection, identifying
implicit sentiment expression, multi-perspective reporting, and
contextual complexity as the primary obstacles for automated sys-
tems. These challenges are compounded in Indonesian because of
the distance between the formal written standard (bahasa Indone-
sia baku) and the colloquial register that most NLP training data
captures.

Chakrabarty et al. [52] demonstrated that even transformer-
based models fine-tuned on social media data—such as Twitter
COVID-vaccination discourse—show limitations when applied to

Table 1
Comparison of recent Indonesian sentiment analysis approaches

Study Dataset domain Model Accuracy Key limitation

Saadah et al. [17] Social media (COVID-19) IndoBERTweet 73% Social media bias

Pusung & Dewi [28] Social media (Emotions) RoBERTa 83.6% Limited to informal text

Ihtada et al. [16] E-commerce reviews IndoBERT 89% Product review specific

Singgalen [19] Hotel reviews IndoBERT 92.5% Poor minority class
performance

Our approach News articles IndoBERTa Target: News domain Addresses formal discourse
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formally structured text, reinforcing the need for domain-adapted
approaches rather than off-the-shelf classifiers. More recently,
Chandra et al. [41] applied large language models to senti-
ment classification of newspaper coverage during COVID-19, and
León-Sandoval et al. [53] measured the sensitivity of sentiment
estimates to the choice of language model in that same context.
Both studies reinforce the need for domain-adapted approaches
rather than off-the-shelf classifiers. Importantly, the applicability
of sentiment analysis extends well beyond social media—Jabbar
et al. [54] demonstrated that domain-adapted RoBERTa mod-
els trained on large-scale social media and news data can serve
as powerful sentiment signals for downstream decision-making
tasks, such as informing causal reinforcement learning for policy
optimization.

2.3. Domain adaptation and transfer learning

The case for domain-specific fine-tuning is well established
in the NLP literature. Howard and Ruder [55] showed that
even a small amount of in-domain fine-tuning could dramati-
cally improve downstream classification performance, a finding
that has since been replicated across languages and domains.
Zhuang et al. [56, 57] provided a broader theoretical account of
why this works, tying it to the statistical mismatch between pre-
training and target distributions. More recent work has examined
practical fine-tuning strategies, including the trade-off between
full-parameter and parameter-efficient methods [58–60]. Peters
et al. [61, 57] found that full fine-tuning generally outperforms
feature-based adaptation for complex classification tasks—a con-
clusion directly relevant to the nuanced sentiments we encounter
in Indonesian news text. These findings have particular relevance
for Indonesian news sentiment analysis, where contextual under-
standing of implicit sentiment requires sophisticated linguistic
comprehension.

2.4. Evaluation methodologies and comparative
frameworks

Evaluating sentiment classifiers requires more care than sim-
ply reporting accuracy on a held-out test set, especially when class
distributions are uneven. Sokolova and Lapalme [33] conducted
a systematic analysis of classification metrics, arguing that differ-
ent performance measures capture different aspects of classifier
behavior and that no single number tells the whole story. Their
recommendation to use multiple complementary metrics is par-
ticularly relevant here, where neutral examples are fewer than
positive and negative ones.

McHugh and Tharwat [34] each contributed frameworks
for assessing classification quality that have become standard
references in applied NLP. We adopt Cohen’s kappa along-
side accuracy and per-class F1-scores, following these guidelines,
because Kappa explicitly accounts for the probability of agree-
ment by chance—a meaningful safeguard when interpreting
results on an imbalanced multi-class dataset.

2.5. Gap analysis and research positioning

Three gaps in the existing literature directly motivate our
approach. The first is the near-total dominance of social media
data in Indonesian sentiment research. Although Syahputra et al.
[30] have applied IndoBERT to Indonesian news headlines for
clickbait detection, sentiment classification of full-length news
articles has not been systematically addressed. The second gap

is the absence of domain-representative evaluation. Most pub-
lished results come from single-domain experiments with no
cross-domain testing, making it difficult to know how models
will behave outside their training distribution. For news applica-
tions, this is a practical liability. The third gap is methodological:
CRISP-DM and similar structured development frameworks have
rarely been applied in Indonesian NLP research [40], leaving
reproducibility and deployment considerations underspecified.

Our approach addresses all three gaps by building and eval-
uating a fine-tuned IndoBERTa model on a purpose-built news
corpus, reporting both zero-shot and fine-tuned results to make
the domain gap visible, and applying CRISP-DM as an organiza-
tional structure that supports reproducibility from data collection
through live deployment.

3. Methodology

3.1. Research framework

This study uses the CRISP-DM methodology, which can be
systemically adjusted to adapt to Indonesian NLP applications,
due to less integration of structured development approaches
in previous sentiment analysis research [40], as illustrated in
Figure 1. Using this strategic keyword-based sampling strategy
counteracting natural news bias for neutral content, we sampled
2011 articles on two major Indonesian news portals (Kompas and
Detik). Thirty-five keywords were used for sampling, which con-
sists of 21 positive-oriented terms (e.g., “beasiswa” [scholarship],
“prestasi” [achievement]), 11 negative-oriented terms (e.g., “kek-
erasan seksual” [sexual violence], “kecelakaan” [accident]), and
three neutral terms (e.g., “politik” [politics]). Data preparation
encompassed extensive preprocessing activities such as remov-
ing duplicates based on URL uniqueness, discarding null values,
and systematic text-cleaning procedures. For the manual labeling
method, we performed careful selection of both explicit sentiment
markers and implicit journalistic discourse framing that typi-
fies Indonesian news discourse. There being no available labeled
datasets for Indonesian news sentiment analysis, this phase played
a crucial role in establishing reliable ground truth annotations.
With a class imbalance due to biased sampling, strategic under-
sampling was performed, resulting in 1300 articles as samples with
their respective number of positive (550 total or 42.3%), negative
(550 total or 42.3%), and neutral (200 total or 15.4%) classifica-
tions. In the modeling phase, fine-tuning of the IndoBERTa base
model was done using systematic data partitioning (80% training,
20% validation) while performing stratified sampling to preserve
class distribution consistency. We trained it using established
transformer fine-tuning configurations: a learning rate of 2e5, a
batch size of 8, and three epochs with early stopping on validation
accuracy. This setup gives a good trade-off between computation
time and gradient stability, while avoiding catastrophic forgetting
of pre-trained language representations.

Model evaluation used metrics that included accuracy, pre-
cision, recall, F1-score, and Cohen’s kappa [33, 34] to evaluate
model performance on sentiment classes. Overall, the framework
enabled systematic comparison of baseline performance on zero-
shot benchmark tasks versus fine-tuned results from a domain
transfer model, allowing for quantitative assessment of domain
adaptation benefits. McNemar’s test revealed reliable perfor-
mance comparisons even beyond the chance level, going beyond
descriptive statistics to find out if classifiers differed from each
other.
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Figure 1
CRISP-DM methodology applied to sentiment analysis pipeline

Deployment results in a production-ready system that per-
forms real-time collection of issue-related news, automated
preprocessing, and sentiment classification steps, as well as inter-
active visualization. The system operates at newsinsight.web.id,
showcasing actual feasibility for operational media monitoring
implementations. Deployment of the model into Hugging Face
Hub provides research reproducibility and fosters better devel-
opment for the Indonesian NLP community. The CRISP-DM
approach has an iterative nature, allowing us to refine the work
that had already been done throughout the development pro-
cess of data preprocessing and model training, while modeling
potential learnings were re-evaluated and reflected back into pre-
processing decisions and hyperparameter tuning. This systematic
and repeatable approach sets our work apart from Indonesian sen-
timent analysis research, which is generally ad hoc development
patterns of many models, allowing similar domain adaptation
projects to replicate and test the effectiveness of transfer learning
methods in other datasets.

3.2. Model architecture and fine-tuning strategy

Our base model was IndoBERTa, a RoBERTa-based model
pre-trained on 522M tokens of Indonesian text including news
articles from the target portals we were training against [15, 16,
29]. It has 12 layers of transformer encoder architecture with a
hidden state of dimension 768 and 12 attention heads, which
yields around 125 million parameters in total. This configuration
strikes a good balance between model capacity and computational

efficiency for Indonesian language understanding tasks. Because
the pre-training corpus includes genre-specific text, that is,
formal Indonesian newspaper articles, IndoBERTa is an ideal fit
with our domain adaptation targets since the model has already
learned representations of journalistic discourse patterns from its
pre-training.

For sentiment classification, we added a task-specific classifi-
cation head on top of the pre-trained encoder. This head consists
of a dropout layer (p = 0.1) followed by a linear transformation
projecting the 768-dimensional pooled output to three sentiment
classes (positive, negative, neutral). The model processes input
text through WordPiece tokenization with a maximum sequence
length of 512 tokens, which accommodates the full content of
our news articles with an average length of 387 tokens. During
fine-tuning, we initialized the classification head randomly while
loading pre-trained weights for all encoder layers, enabling the
model to adapt its existing linguistic knowledge to the specific
task of news sentiment classification.

This single training objective uses cross-entropy loss to
maximize classification performance in each of the sentiment
categories. Having performed strategic sampling on our dataset,
which was now made up of 42.3% positive/negative and 15.4%
neutral examples, to counter the leftover class imbalance, we
implemented [0.91, 2.50, 0.89] for positive/neutral/negative classes,
respectively, as the class weights (see formulation in equation (1)).
These weights were calculated by taking the inverse of class fre-
quencies in the training dataset, such that this would result in
strong penalty signals for misclassifying examples from the smaller
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represented class (i.e., neutral). This weighted approach mitigates
model bias toward majority classes while allowing sensitivity to
the subtle features of neutral news discourse.

3.3. Training configuration and optimization

For maintaining balanced class distribution in both parti-
tions, we used stratified train-validation splitting with an 80–20
ratio. In this way, stratification guarantees that each fold encom-
passes representative samples from all sentiment classes, thus
allowing for the accurate evaluation of validation performance
across training sessions. This yields a training set of 1040 articles
and a validation set of 260 articles, which we found to provide
sufficient data for stable gradient estimation while allowing for
ample validation samples to monitor performance.

The specifications used AdamW with a learning rate of 2e-
5, weight decay of 0.01, following best practices for fine-tuning
transformer models on text classification tasks. We used a fixed
learning rate schedule, instead of a decaying one, since initial
changes demonstrated that stable learning rates produced more
consistent convergence according to our dataset size and task
nature. Stable training across epochs was simplified by a constant
schedule that reduced hyperparameter tuning. Applying gradient
clipping with a maximum norm of 1.0 helped mitigate the risk
of instability due to sparse, large gradients affecting convergence
and proved particularly important given batch size limits and their
impact on variance.

Due to GPU memory limitations and in consideration of
gradient accumulation, training was conducted with a batch size
of eight samples per iteration. This batch size was large enough to
capture stable gradient signals diversity but small enough not to
saturate the empirical capability of the “average” research infras-
tructure (NVIDIA Tesla T4 GPU with 16Gb VRAM). In order
to avoid overfitting but still allow enough time for the model
to converge, we used early stopping with a patience of three
epochs based on the validation accuracy. For our model, we did
not add any layers until the validation performance stayed the
same for three consecutive epochs, at which point we would termi-
nate. This conservative patience setting encapsulated the trade-off
between premature stopping and unnecessary computation once
we had achieved optimal performance from the model.

The complete training configuration represents a careful
balancing of computational efficiency, gradient stability, and
prevention of catastrophic forgetting of pre-trained language rep-
resentations. Such choices are able to exploit the best of domain
adaptation without compromising the model’s generalized under-
standing of the Indonesian language learned via pre-training.
The average training time was 7.5 minutes per epoch, allowing
completion of fine-tuning in less than 30 min and showing the
computational efficiency, which makes this approach feasible for
similar studies even when computational resources are limited.

3.4. Production system implementation

The fine-tuned model was made publicly available via Hug-
ging Face Hub and integrated into a production system based
on Streamlit.web.id. This allows for reproducibility of research,
as well as active use in an operational environment. The pro-
duction pipeline includes real-time website scraping, automated
preprocessing, and sentiment classification along with interactive
visualization (bar charts for frequent words and word clouds) as
well as CSV export. Processing speed is 15 articles per minute,
including data collection, preprocessing, and classification phases.

3.5. Evaluation methodology

We used a number of metrics to evaluate the performance
of our fine-tuned IndoBERTa model for multi-class sentiment
classification, which allows us to measure how well it accurately
classifies datapoints into positive, negative, and neutral classes.
These metrics, defined below, are accuracy, precision (positive
predictive value), recall (sensitivity), and F1-score, as well as
Cohen’s kappa, which provide a comprehensive picture of clas-
sification performance in the context of class imbalance and
chance agreement. Accuracy is the fraction of correctly classified
instances over all sentiment classes; it is computed as follows: ratio
of true predictions over total predictions:

Accuracy = TP + TN
TP + TN + FP + FN

(1)

where TP (true positive), TN (true negative), FP (false positive),
and FN (false negative) represent the confusion matrix elements.

Precision quantifies the proportion of correctly predicted
positive instances among all predicted positive instances:

Precision = TP
TP + FP

(2)

Recall measures the proportion of correctly predicted positive
instances among all actual positive instances:

Recall = TP
TP + FN

(3)

F1-score provides the harmonic mean of precision and recall:

F1 = 2 × Precision × Recall
Precision + Recall

(4)

Cohen’s kappa coefficient quantifies inter-rater agreement
while accounting for chance agreement:

𝜅 = po − pe
1 − pe

(5)

in which po is the observed agreement and pe is the expected
agreement by chance.

For multi-class scenarios, precision, recall, and F1-score were
calculated for each individual class and then averaged using
weighted averaging to account for class imbalance. Cohen’s kappa
was calculated using the multi-class extension that considers all
possible class pairs. Experiments utilized Google Colab Pro infras-
tructure with NVIDIA Tesla T4 GPU (16GB VRAM) and 25GB
system RAM. Training efficiency averaged 7.5 min per epoch
with total fine-tuning completion within 30 min, demonstrating
computational feasibility for similar research endeavors.

Systematic error analysis examines misclassification patterns
across sentiment categories, linguistic features influencing incor-
rect predictions, and topic-specific performance variations. This
analysis provides insights into model behavior beyond aggregate
performance metrics.

4. Results

4.1. Dataset characteristics and preprocessing
outcomes

After systematic quality control procedures, the final dataset
contained 1300 manually labeled Indonesian news articles. Both
class imbalance typical of news articles and preprocessing pipeline
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scales were preserved without semantic influx during initial
data exploration. This included text preprocessing, which further
reduced the vocabulary size from around 45,000 unique tokens
to 28,000 meaningful terms and an average article length of
387 tokens, fitting comfortably within IndoBERTa’s 512 token
processing boundaries.

We found that it has limited performance on Indone-
sian news content, as evidenced by zero-shot baseline evalu-
ation against w11wo/indonesian-roberta-base-sentiment-classifier
(Table 2). The zero-shot baseline implemented a slight system-
atic bias toward neutral predictions given the implementation of
a pre-trained model, which predicted 1161 out of 1300 articles as
neutral despite sentiment labels. This has been a major source of
misalignment between the training data from social media and the
intricacies of formal news discourses.

Even the baseline has a negative Cohen’s kappa (−0.05),
which shows systematic disagreement against true labels, meaning
performance worse than random chance (i.e., one of the groups
could have been classified with better results). We confirm our
hypothesis that any model trained on social media will require
domain-specific re-training to classify news sentiments reliably.

4.2. Fine-tuned model performance and training
analysis

Fine-tuning convergence was remarkable, with a drop from
0.354 to 0.033 in training loss over the course of three epochs
and a minimum validation loss (0.080) at epoch = 2. Our learn-
ing curve showed stable convergence without any overfitting,
which reaffirms our hyperparameter configuration and training
strategy.

The balanced performance across sentiment categories
addresses critical limitations observed in existing Indonesian sen-
timent analysis studies (Table 3). Unlike previous work reporting
high overall accuracy while suffering from poor minority class
performance, our model achieves consistently high metrics across
all sentiment categories.

The confusion matrix reveals that all five misclassifications
occurred between positive and negative classes, with two positive

articles misclassified as negative and three negative articles mis-
classified as positive (Figure 2). Notably, all 46 neutral samples
achieved perfect classification, indicating that fine-tuning success-
fully overcame the zero-shot baseline’s systematic neutral bias.
The restriction of errors to positive-negative boundaries, rather
than involving neutral classifications, suggests the model effec-
tively learned to distinguish formal journalistic objectivity from
sentiment-laden discourse. These errors likely represent genuinely
ambiguous cases where sentiment cues are mixed or contextu-
ally dependent, approaching the practical performance ceiling for
automated news sentiment classification.

4.3. Model generalization and case study analysis

To validate model generalization across different news
topics, we conducted a systematic analysis using three repre-
sentative keywords from our dataset: “beasiswa” (scholarship),
“kekerasan seksual” (sexual violence), and “politik” (politics)
(Table 4). These keywords represent positive, negative, and neu-
tral sentiment tendencies, respectively. The model demonstrated
contextually appropriate classification patterns across diverse top-
ics. For scholarship-related articles, the 98% positive classification
aligns with the expected coverage of educational opportunities
in Indonesian media. The few non-positive classifications were
manually verified as discussions of scholarship access challenges
or controversies, demonstrating a nuanced understanding beyond
keyword matching. Sexual violence coverage showed appropriate
negative-sentiment detection (95.4%), with the few positive clas-
sifications verified as coverage of prevention successes or legal
victories. This discrimination ability indicates that the model
learned to separate event sentiment from response sentiment—a
sophisticated distinction crucial for accurate news analysis.

Political coverage displayed predictable neutral bias (89.8%)
due to the fact that political reporting in Indonesian media
tends to be informational and editorially objective. These distri-
butions confirm the model’s comprehension of the conventions
of sentiment associated with different genres in Indonesian
journalism.

Table 2
Zero-shot vs fine-tuned performance comparison

Metric Zero-shot baseline Fine-tuned IndoBERTa Improvement

Accuracy 14% 98% +84 percentage points

Cohen’s kappa –0.05 0.98 +1.03

Precision (weighted) 12% 98% +86 percentage points

Recall (weighted) 34% 98% +64 percentage points

F1-score (weighted) 18% 98% +80 percentage points

Table 3
Per-class performance analysis

Sentiment class Precision (%) Recall (%) F1-score (%) Support Key insights

Negative 98 98 98 102 Excellent implicit sentiment detection

Neutral 96 100 98 46 Perfect recall, minimal false negatives

Positive 99 97 98 112 Highest precision, strong overall performance
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Figure 2
Confusion matrix analysis—zero-shot (left) vs fine-tuned (right)

Table 4
Topic-specific performance validation

Keyword category Total articles Positive Neutral Negative Dominant sentiment

Beasiswa (scholarship) 197 193 (98.0%) 3 1 Positive

Kekerasan seksual (sexual
violence)

175 7 1 167 (95.4%) Negative

Politik (politics) 167 10 150 (89.8%) 7 Neutral

4.4. Comparative and ablation study

While direct performance comparison is constrained by
dataset differences, we present related work to contextualize our
contributions. Our model’s 98% accuracy on Indonesian news
represents a significant advancement over prior work, though rig-
orous comparison would require evaluation on identical datasets.
Table 5 compares our model with recent sentiment analysis meth-
ods, focusing on Indonesian and news domains. Our fine-tuned
IndoBERTa outperforms social media-focused models [2, 3] by
7–13% in accuracy.

Recent Indonesian studies [12, 15] report 88–92% accuracy,
but their performance drops in news due to domain mismatch.
In contrast, a recent study employing a 52K-article dataset
achieved 87% accuracy [62], though without comparative evalua-
tion against human annotation or other models. This highlights
an important distinction: while larger datasets may improve gen-
eralization, our approach prioritizes high-quality manual labeling
and multi-topic diversity. Previous studies relying on pre-existing
datasets without manual verification risked systematic labeling
errors despite reasonable accuracy metrics [41]. Furthermore,
single-keyword approaches [41] limit model robustness across
diverse news topics. Our research addresses these limitations
through (1) manual three-class labeling ensuring annotation qual-
ity, (2) 35-keyword sampling strategy covering diverse topics, and
(3) comprehensive evaluation including zero-shot comparison.
These methodological improvements explain our superior perfor-
mance metrics (98% accuracy, 0.98 Kappa) compared to prior
work.

To assess the impact of dataset size, we trained IndoBERTa
on subsets of 500, 800, and 1300 articles. Accuracy improved from
92% (500 articles) to 95% (800 articles) and 98% (1300 articles),
as shown in Figure 3 (learning curve). This indicates robustness

to smaller datasets, although using the full dataset maximizes
performance.

4.5. Pipeline implementation and deployment results

The pipeline based on Streamlit successfully connected all
the pieces of the sentiment analysis workflow. Real-time data
collection was able to process an average of 15 articles per min
(including web scraping, text preprocessing, and sentiment clas-
sification). It also featured a strong error handling mechanism
that continued the analysis process uninterrupted while, for exam-
ple, it was facing network timeouts or missing or misformatted
content. User interface testing produced high usability scores; the
visualization elements were found to clearly convey sentiment dis-
tributions via bar plots and word clouds that enabled interaction.
Figure 3 shows an example of analysis output from the produc-
tion system1, where sentiment classification of 400+ internal and
external Indonesian news articles is displayed along with their
distinguishing distribution patterns.

The left panel shows article titles extracted from different
branches of Latin American coverage: economic policy, social leg-
islation, and regional development. The distribution of automated
sentiment classification is 230+ positive articles, 115+ negative
articles, and 60+ neutral articles, respectively, as seen in the right
panel. As demonstrated with the article titles shown above, cov-
ering economic, political, and social issues from inflation fears
to demographic troubles and regional development, the inter-
face effectively processes a wide array of news topics. The Term
Frequency-Inverse Document Frequency (TF-IDF) analysis part
identified terms in a corpus that are associated with upregu-
lated and downregulated designs, lending support for interpretable

1https://newsinsight.web.id
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Table 5
Literature review of sentiment analysis performance

Method/model Domain Dataset size Accuracy
F1

(weighted) Kappa Notes

Zero-shot IndoBERTa [2] Social Media N/A 14% 18% –0.05 Baseline

IndoBERT (Koto et al.,
2020) [2]

Indonesian
General

5K+ 89% 88% 0.85 Social media
focus

IndoNLU (Wilie et al., 2020)
[25]

Social Sentiment 10K 91% 90% 0.88 Limited news
applicability

Chakrabarty et al. (2026) [52] Social Media
(COVID-
Twitter)

Global
multi-source

~90% +
(Long Short-
Term Memory

(LSTM)-
based baseline

context)

– – Global perspec-
tive; fine-tuned
transformer +
augmented data
sources

FinBERT (Huang et al.,
2023) [9]

English Financial
News (Analyst
Reports)

~10K
sentences

(researcher-
labeled)

89.7%* N/R N/R English domain

Lin and Nuha (2023) [12] Indonesian Social 8K 88% 87% 0.86 Social media

Hybrid IndoBERT (2024)
[15]

Indonesian News 3K 92% 91% 0.90 Fake news focus

IndoBERT (2025) [62] Indonesian News 52K+ 87% 87% 0.82 Headline-content
relevance
analysis

Ours (fine-tuned
IndoBERTa)

Indonesian News 1300 98% 98% 0.98 News-specific

Note: Direct comparison is limited by different datasets and evaluation protocols. FinBERT metrics reflect negative-sentiment
classification accuracy on financial analyst reports; weighted F1 and kappa were not reported in the original study.

Figure 3
Production system interface showing sentiment analysis results for Indonesian news articles

metadata of the influence on classifications. Export functionality
worked well, allowing for CSV file outputs with article meta-
data, sentiment predictions, and confidence scores. Text files were
50KB for a small keyword search and up to 2MB for full text
readings when interrogating more than 200 articles. The files cre-
ated ran as intended without loss of data or formatting under
different operating systems and spreadsheet applications.

4.6. Cross-validation and robustness analysis

Five-fold stratified sampling cross-validation experiments con-
firmed robust models, as variations on the key metrics were below
1% for all main parameters. This stability reflects strong general-
ization ability and implies a certain degree of confidence in this
model to performwell on other unseen news from similar domains.
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When testing our model for temporal robustness, we used
articles from a publication period difference of about a few
months from one another and still achieved stable performance
across time, suggesting our news processor can deal with raw
news content of various months without degradation. This result
implies that the model was able to learn true baseline Indonesian
sentiment expressing patterns and not just some temporary period
for explicit training.

Even lengthy articles (400+ tokens) yielded similar results
as brief news reports (100–200 tokens). The versatility supports
practical implementation across different types of news content
faced in operational monitoring scenarios.

5. Discussion

5.1. Key findings and methodological implications

These results show the effectiveness of domain-specific fine-
tuning from a pre-trained language model such as IndoBERTa,
as they fully outperform zero-shot approaches for Indonesian
news sentiment classification. The 84-percentage point accuracy
increase from 14% to 98% is more than just numbers—it marks
a transformative change in the ability of models to understand
sentiment expressed in context and using Indonesian language dis-
course, proper to formal news media. The consistent bias toward
neutral classifications found in baseline models highlights the
limited utility of applying sentiment classifiers trained on social
media output to news articles without domain adaptation. It val-
idates the result that linguistic disparity between informal social
media posts and well-structured news articles needs a different
approach—a finding which is in accordance with the assessment
of domain-specific challenges toward bias detection in media
[2, 35].

The balanced performance across sentiment categories (98%
F1-score for all classes) addresses a persistent challenge in Indone-
sian sentiment analysis, where minority classes typically show
degraded performance [19]. Our approach’s consistent accuracy
across positive, negative, and neutral sentiments indicates success-
ful mitigation of class imbalance issues through strategic sampling
and fine-tuning procedures. The comparative analysis, reveal-
ing superior performance over hybrid and ensemble approaches,
validates the effectiveness of full fine-tuning versus alternative
strategies. While progressive fine-tuning achieved 95% accuracy,
our full fine-tuning approach’s 98% performance with compara-
ble computational cost demonstrates an optimal balance between
effectiveness and efficiency for Indonesian news applications.

This research provides the first comprehensive framework
for Indonesian news sentiment analysis, establishing performance
benchmarks and evaluation protocols for future research. The
systematic application of CRISP-DM methodology addresses
the limited integration of structured development approaches in
Indonesian NLP research [40], providing a replicable template
for similar domain-specific adaptation projects. The production
deployment at newsinsight.web.id demonstrates successful trans-
lation from research prototype to operational system, addressing
the common gap between academic achievement and practi-
cal utility. The system’s processing capability of 15 articles per
minute with 99.2% uptime validates scalability for real-world
media monitoring applications.

By releasing our fine-tuned model publicly on Hugging Face
Hub, we democratize access to state-of-the-art Indonesian NLP
capabilities and support broader community development. Enter-
prise customers without a lot of technical capabilities can now

utilize these advanced algorithms for sentiment analysis without
having to staff an entire machine learning team, which could speed
up the pace of research and decision-making in various sectors.

There are several limitations restricting the generalizability
of our findings. The emphasis on two news portals, although
consistency and quality control were prioritized, makes general-
izations difficult for other Indonesian news sources with different
regional or editorial focuses. While this produces high-quality
annotations, the requirement for manual labeling can introduce
researcher bias and is less scalable in larger datasets. The keyword-
based sampling strategy worked effectively to ensure sentiment
diversity but may not mimic natural patterns in news consump-
tion. It is also important in practice, as real-world applications
have different distributions of topics that may impact perfor-
mance stability. Finally, our evaluation window is a snapshot of
Indonesian news discourse that could shift as political climates or
journalistic practices change.

Future work can focus on aspect-based sentiment analysis,
leading to more fine-grained insights on sentiment toward indi-
vidual entities within news articles. Temporal sentiment analysis
could utilize our proven skills of tracking the evolution in senti-
ment over time around specific topics, enabling trend analysis and
prediction functions for emerging trends in public opinion. Cross-
lingual transfer learning gives us the possibility to expand our
methods to other Southeast Asian languages with similar prop-
erties. News articles sentiment interpretability methods that have
been tailored to Indonesian-style news articles would fasten the
trust and adaptation on professional applications where people
should rely on how models reason.

5.2. Conclusion

While this study provides a strong foundation for Indone-
sian news sentiment analysis, several avenues for future research
remain open. Broadening data collection to allow broader gen-
eralizability across editorial styles would first relate primarily
to the inclusion of additional Indonesian news outlets and also
regional media sources. Second, generalizing the method to avoid
keyword-guided sampling and allow continuous, streaming data
collection would make for evaluation at far more naturalistic
sentiment distributions. Third, more fine-grained aspect-based
sentiment analysis can capture sentiments toward particular
entities or issues mentioned in the articles. Lastly, integrating
explainability techniques adapted to Indonesian language mod-
els would be beneficial for building transparency and trust for
policing and newsroom monitoring applications.

Based on the comprehensive and structured domain adap-
tation using CRISP-DM methodology, our work creates a
fine-tuned IndoBERTa model that can classify Indonesian digi-
tal news sentiment up to 98% accuracy. By proposing the first
complete framework for news sentiment analysis and performance
benchmarks that outperform current approaches, the research
fills major voids in Indonesian NLP. This balanced performance
across different sentiment categories reflects an efficient treatment
of implicit sentiment forms that characterize formal Indonesian
journalism. In summary, the production deployment provides
a real use case for media monitoring applications, and apub-
lic model access will cater to the Indonesian NLP community
growth.

The comparative study establishes a systematic assessment
of domain adaptation benefits with the finding that specialized
approaches are essential for reliable news sentiment classifica-
tion. The combination of significance testing and thorough error
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analysis sets the standards high for future Indonesian sentiment
analysis work. The methodology demonstrated here provides
immediate practical value for government agencies engaged in
monitoring public opinion, research institutions conducting lon-
gitudinal studies of media, and private organizations needing
systematic tracking of news sentiment. Additionally, the pro-
cessing capability of 15 articles per minute allows for real-time
analysis if needed while maintaining a balanced accuracy level,
which is crucial when launching an operational decision. Not
only does this study create the preliminary building blocks for
Indonesian news sentiment analysis, but it also offers a systematic
methodology for other domain adaptation projects. The publicly
available model and analysis system also allow for the further
deployment of advanced NLP Application Programming Inter-
face (API), so more stakeholders can utilize such data-driven
technologies in their own Indonesian language media monitoring
contexts, contributing to evidence-based decision-making across
academic, government, and commercial domains.
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