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Abstract

The proliferation of hate speech on Indonesian social media, particularly during the 2024 general election
period, has underscored the need for effective automated moderation mechanisms. This study compares the
performance of two Indonesian language models, IndoBERT and Cendol, for hate speech detection on the X
platform (formerly Twitter). A dataset of 8,375 comments was collected through keyword-based crawling
and manually annotated into three categories: neutral, negative, and positive. Following preprocessing
and oversampling to address class imbalance, both models were fine-tuned and evaluated. The findings
indicate that IndoBERT performs more effectively in capturing formal linguistic patterns, whereas Cendol
demonstrates advantages in recognizing informal and sarcastic expressions. These results suggest that each
model exhibits distinct strengths depending on language characteristics and contextual usage. The study
contributes insights toward the development of more context-aware Al-based moderation systems for the

Indonesian digital environment.
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1. Introduction

The development of digital technology and social
media has drastically transformed the landscape of com-
munication in Indonesia. However, behind the ease of
access and connectivity lies a serious issue: the rise in
cyberbullying cases, particularly through hate speech.
These types of comments often target individuals based
on their ethnic background, religion, gender, or phys-
ical condition, and have a significant impact on vic-
tims’ mental health [1]. In this context, social media
platforms such as X (formerly Twitter) have become
dominant spaces for the spread of hate speech, espe-
cially during crucial moments such as the 2024 general
election [2], [3].

This phenomenon is not merely incidental but has
become a systemic social issue. Several viral cases
in the media underscore the urgency of this matter,
such as the bullying of an elementary school student
with special needs whose bruised condition was circu-
lated online [4] and hate speech cases involving public
figures that were taken to court [5]. Data from the
Ministry of Communication and Information shows a
40% increase in cyberbullying reports from 2022 to

2024 [6]. These facts highlight the urgent need for an
automated and efficient hate speech detection system
to cope with the massive flow of data [7].

One of the main challenges in building such a sys-
tem is the complexity of the Indonesian language as
used on social media. Users tend to employ informal
language, slang, abbreviations, and regional language
mixes, which are difficult for rule-based conventional
systems to process.

Modern Natural Language Processing (NLP) mod-
els like BERT have been widely adopted, but their
limitations in understanding local context remain a
problem. IndoBERT, a BERT-based language model
trained on Indonesian corpora, achieved an F1-score
of 76.32% in abusive sentence detection tasks [8], but
its performance declined when faced with imbalanced
data distribution wit F1-score 68.4% [9].

Meanwhile, other approaches such as BiLSTM,
Cendol, Bert and SVM achieved higher accuracy, 82.29%
to 87% respectively, yet still failed to grasp the seman-
tic variations in informal language contexts [10], [11].
Recent advancements in Natural Language Process-
ing (NLP) have significantly improved machine un-
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derstanding of human language. Among these, the
Transformer architecture has become the backbone of
many state-of-the-art models, including BERT (Bidi-
rectional Encoder Representations from Transform-
ers) [12]. This architecture enables models to capture
contextual relationships between words more effec-
tively than traditional sequential models.

In the Indonesian context, IndoBERT is a language
model trained on formal text corpora, while Cendol is
optimized for informal, user-generated content. These
models represent two contrasting yet complementary
approaches to handling linguistic diversity on social
media, making them suitable candidates for hate speech
detection tasks. To address these issues, this study
aims to analyze and compare the performance of two
Indonesian NLP models: IndoBERT and Cendol.

IndoBERT excels at processing formal and explicit
text, while Cendol is designed to handle local and infor-
mal expressions commonly used on social media. Each
model presents distinct advantages and limitations: In-
doBERT performs well in recognizing structured and
policy-related language but tends to struggle with slang
and informal content. Conversely, Cendol is more ef-
fective in interpreting casual, modified, and sarcastic
comments, but may underperform in formal contexts.
These complementary characteristics suggest the po-
tential benefit of ensemble learning in future work.

This study focuses solely on evaluating both mod-
els independently to assess their respective strengths
and weaknesses in hate speech detection. This re-
search involves the following stages: (1) collecting
8,375 tweet data from the X platform, (2) preprocess-
ing data including text cleaning and normalization,
(3) training the models using various hyperparame-
ter settings, and (4) evaluating model performance us-
ing metrics such as accuracy, precision, recall, and
Fl1-score [13]. Challenges such as class imbalance,
ambiguity in slang, and computational limitations of
large models are addressed through strategies like fine-
tuning, oversampling, data augmentation, and batch
size adjustments [14], [15] [16], [17].

2. Research Method

2.1. Data Collection

The dataset was collected from platform X (for-
merly Twitter) using a keyword-based crawling method.
A list of 64 hate-related keywords was generated through
an open survey involving 328 respondents. The open
survey involved 328 Indonesian respondents aged 17
to 35 years, primarily consisting of university students,
early-career professionals, and active social media users.
Participants were recruited through online sharing on
academic and community platforms. While the sample
represents a digitally literate segment of the popula-
tion, it may reflect some sampling bias toward younger
and more urban-based demographics. Nevertheless,
this group aligns with the primary audience and user
base of social media platforms where hate speech is
commonly found. These keywords included commonly

CLINYS

used derogatory terms such as “anjing”, “bangsat”,

and “bodoh”. The crawling process yielded 8,375 raw
comments written in Indonesian. The dataset focused
on public posts containing potential elements of cyber-
bullying or hate speech, particularly during politically
sensitive periods.

2.2. Data Processing

The collected comments underwent several prepro-
cessing steps to ensure data quality and input consis-
tency. These included text cleaning (removal of men-
tions, hashtags, URLs, emojis, and special characters),
normalization of informal expressions using a custom
dictionary, tokenization, stopword removal, and stem-
ming. While common function words such as dan,
yang, and atau were removed, important negations like
tidak and bukan were deliberately retained to preserve
sentence meaning. Although Transformer-based mod-
els such as IndoBERT and Cendol can process raw
text directly, these preprocessing steps were applied
conservatively to reduce noise, particularly in informal
and user-generated content. Preliminary experiments
showed that this approach improved training stability
without significantly compromising contextual under-
standing.

2.3. Data Labeling Process
Each comment was manually annotated into one of
three classes:

* Neutral (0)
* Negative (1)
 Positive (2)

The labeling process was conducted manually by
the researcher based on defined guidelines for each
class. Although only a single annotator was involved,
careful attention was paid to consistency by referring
to labeling criteria and conducting multiple passes to
cross-check ambiguous cases. Each comment was con-
textually reviewed to determine whether it fell under
the neutral, negative (hate speech) or positive (counter
speech) category. To reduce subjectivity, the labeling
was guided by commonly accepted definitions of hate
speech in Indonesian digital discourse, including key-
words and contextual tone. The classification used in
this study adopts a three-class labeling scheme specifi-
cally tailored for the context of hate speech detection.
Rather than representing emotional sentiment, these
labels reflect the communicative intent of the comment
in relation to hate speech. Neutral comments are those
that do not contain harmful, offensive, or emotionally
charged language and are generally factual, irrelevant,
or non-engaged in nature. Negative comments explic-
itly or implicitly contain hate speech, including offen-
sive expressions, personal insults, or derogatory re-
marks aimed at individuals or groups. In contrast, Pos-
itive comments represent counter speech—comments
that aim to defend victims, promote tolerance, or re-
duce hostility by responding to hate in a constructive
manner.
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2.4. Class Balancing Strategy (SMOTE)

To address the imbalance in the original dataset, the
Synthetic Minority Over-sampling Technique (SMOTE)
was applied before splitting the data into training and
testing sets.

SMOTE was implemented on the numerical feature
vectors generated via TF-IDF representation rather than
on the raw text [18]. To prevent data leakage, the
dataset was split prior to oversampling, ensuring that
synthetic sample generation was strictly restricted to
the training set. Through interpolation between existing
minority class feature vectors, SMOTE balanced the
dataset across all three classes (negative, neutral, and
positive), resulting in an equal distribution with a total
of 8,375 instances.

2.5. Data Training and Evaluation

After applying SMOTE to balance the dataset, we
randomly split the data into 90% for training and 10%
for testing. Since the dataset was already balanced
across all classes (neutral, negative, positive), the class
distribution remained consistent in both sets, eliminat-
ing the need for stratified sampling

* Epochs: 5

* Batch size: 2to 8

* Learning rate: 107> to 1074
¢ Sequence length: 256 tokens

The models were trained and evaluated using the
following metrics:

* Accuracy
e Precision
¢ Recall

¢ Fl-score
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Fig. 1. Methodological flowchart for IndoBERT and Cendol evaluation
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Training and validation performance were tracked
over epochs using loss and accuracy plots to monitor
overfitting. Confusion matrices were used to analyze
classification behavior per class.

2.6. Technical Overview of IndoBERT and Cendol

IndoBERT is a Transformer-based model derived
from BERT and pretrained on over 5.5 billion words
of Indonesian formal texts such as Wikipedia, news,
and government documents. With approximately 125
million parameters, IndoBERT is optimized for under-
standing structured language, formal expressions, and
socio-political contexts. It uses bidirectional attention
to capture word context from both left and right di-
rections, which improves understanding of sentence
semantics in formal registers. Cendol, on the other
hand, is a larger model with around 580 million param-
eters, specifically trained on Indonesian social media
text. Its tokenizer and vocabulary are tailored to handle
slang, abbreviations, spelling variations (e.g., “b*doh”
or “anjlng”), and implicit expressions often found in
online discourse. Cendol excels in detecting sarcasm,
disguised hate speech, and informal tone, which are
limitations in traditional models or models trained on
formal corpora.

The architectural and corpus variations between the
two models yield complementary performance. Figure
1 illustrates the comprehensive experimental frame-
work of this study, encompassing data collection, pre-
processing, model training, evaluation, and optimiza-
tion for both IndoBERT and Cendol. IndoBERT is
more reliable for analyzing formal hate speech such
as in news or legal discussions, while Cendol per-
forms better in identifying casual, veiled, or coded
hate speech in social platforms.

Before the data was used for training the NLP mod-
els, several preprocessing steps were carried out to
ensure optimal data quality. The first step was data
cleaning, which involved removing irrelevant elements
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from the text such as mentions (Qusername), hashtags
(#), links (URLs), and non-alphabet characters. For ex-
ample, the sentence “@user123 ini bodoh banget
sih (@user123 is so dumb)” was transformed into
“ini bodoh banget sih (it’s so dumb)”. The next
step was text normalization, which involved convert-
ing informal or non-standard words into their standard
forms according to Indonesian language rules. This
process used a custom dictionary developed based on
popular word variations found on social media. For ex-
ample, “gpp (it’s okay (informal words))” was normal-
ized to “tidak apa-apa (it’s okay (formal words))”,
and “lo (you (informal word))” to “kamu (you (formal
word))” (you).

After normalization, stopwords removal was per-
formed. Stopwords are high-frequency words with low
semantic contribution, such as “dan” (and), “atau” (or),
and “dengan” (with). The stopword list was compiled
from Indonesian NLP resources and matched against
sentence structures in the dataset. The next step was
stemming, which converts words to their root forms to
preserve semantic consistency in text feature represen-
tation. This process utilized the Sastrawi library. For
example, the word “membenci” (to hate) was stemmed
to “benci” (hate).

Overall, the data collection and processing stages
in this study were designed to produce a representa-
tive, clean, and balanced dataset. This process is a
crucial foundation for training reliable and accurate
NLP models, especially in the context of the Indone-
sian language, which is characterized by high linguistic
diversity. With this approach, the model is expected to
recognize hate speech in various forms of expression
—both explicit and implicit— and in both formal and
informal language.

3. Result and Discussion

3.1. Overview of Data

The dataset used in this study was obtained from
the social media platform X (formerly Twitter) through
a keyword-based crawling technique. The data col-
lection process focused on public comments that po-
tentially contain elements of cyberbullying and hate
speech. The keywords used for crawling were deter-
mined through an open survey involving 328 respon-
dents. From this survey, 64 keywords commonly associ-
ated with hate speech were identified, such as “anjing”
(dog), “bangsat” (bastard), “bodoh” (stupid), among
others. These words represent verbal expressions com-
monly used in online bullying practices in Indonesia
and served as the basis for the data collection script.
The crawling process yielded a total of 8,375 comments
as the initial dataset.

The label distribution of the original dataset showed
a significant class imbalance, with negative comments
dominating at 2,150 samples or 55.5%, followed by
neutral comments with 1,200 samples (31%), and pos-
itive comments with only 525 samples (13.5%). This
imbalance has the potential to reduce the performance
of classification models due to bias toward the ma-

jority class. Therefore, the Synthetic Minority Over-
sampling Technique (SMOTE) was applied to balance
the dataset.

After oversampling, the total number of data sam-
ples increased to 8,375, with a more proportional label
distribution: 3,500 negative (41.8%), 3,000 neutral
(35.8%), and 1,875 positive (22.4%).

3.2. IndoBERT Model Performance

The IndoBERT model achieved optimal perfor-
mance at the 5-th epoch with the following hyperparam-
eter configuration: a learning rate of 1073, batch size
of 8, and sequence length of 256. Evaluation was con-
ducted using 10% of the total dataset as test data. The
evaluation results showed an overall accuracy of 90.7%,
with an average precision of 88.9%, recall of 89.0%,
and Fl-score of 88.9%. The detailed classification
performance of the model for each label is presented
in Table 1. For the neutral label, the model recorded
a precision of 91%, recall of 86%, and F1-score of
88%. For the negative label, recall was relatively high
at 93%, although its precision was lower compared
to other classes (86%). Meanwhile, the positive label
achieved the highest precision at 99% and an F1-score
of 97%, indicating high effectiveness in recognizing
positively toned comments, despite the limited number
of samples in this class.

Table 1: IndoBERT Performance Metrics by Class

Class Acc. Prec. Rec. F1-Score

Neutral 2% 91% 86% 88%
Negative 92% 86% 93% 89%
Positive  98% 99% 95% 97%

The training trend of the model is visualized in two
main graphs. Figure 2(a) shows a consistent decrease
in training loss from 1.52 to 0.21, while the valida-
tion loss fluctuates slightly and tends to increase in the
later epochs. This divergence between training and
validation loss may indicate early signs of overfitting.
It suggests that although the model effectively learns
patterns from the training data, its ability to generalize
to unseen data might have started to decline. Future
improvements could include applying early stopping,
dropout, or additional regularization to mitigate this
issue [15, 20].

Next, Figure 2(b) provides a clear and detailed illus-
tration of the progressive increase in training accuracy,
which rises significantly from an initial value of 85.6%
to a much higher level of 95.2% over the span of five
training epochs. Alongside this, the validation accuracy
also shows a meaningful improvement, increasing from
82.3% to0 90.1% during the same period.

This steady upward trend in both training and vali-
dation accuracies is an important indicator of the model’s
successful learning process.
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Fig. 2. Model performance evaluation of IndoBERT: (a) Training versus Validation Loss, and (b) Training versus
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Fig. 3. Comparison of model performance using Confusion Matrix across different cases: (a) Neutral, (b) Negatif,

and (c) Positive, for IndoBERT model.

It suggests that the training regimen is effectively
guiding the optimization of the model parameters, en-
abling the model to better fit the training data while
simultaneously improving its ability to generalize to
new, unseen data. Such improvements are crucial, as
they imply that the model does not simply memorize
the training examples but is genuinely learning mean-
ingful patterns that can be applied more broadly. Over-
all, these results underscore the effectiveness of the
training strategy and highlight the model’s growing
predictive performance and robustness as it undergoes
further training.

To strengthen the quantitative analysis, Figure 3(a),
3(b) and 3(c) present the confusion matrix for each
label. This visualization shows true positives and mis-
classifications for neutral, negative, and positive labels.
The correct classification rates are 89.2% for neutral,
92.1% for negative, and 95.4% for positive labels. How-
ever, the model still exhibits difficulty distinguishing
between neutral and negative comments, which often
have high semantic ambiguity.

The main advantage of IndoBERT lies in its pre-
training process using a very large Indonesian language
corpus, approximately 5.5 billion words, covering on-

line news, Wikipedia, legal documents, and discus-
sion forums. This enables the model to understand
formal vocabulary and socio-political contexts, such
as SARA (Ethnicity, Religion, Race, and Inter-group)
terms [9], [19]. For example, phrases like “discrim-
inatory policy” are classified as negative comments
because they are recognized as expressions of injustice.
Additionally, IndoBERT’s bidirectional attention archi-
tecture allows it to capture contextual meaning from
both directions. A relevant example is the sentence
“He is not a stupid person, but unlucky,” where the
word “stupid” is not classified as negative because the
defensive context is detected by the model [16].

Hyperparameter configuration also plays a crucial
role in training stability. Using a low learning rate such
as 107 and a small batch size such as 8 helps reduce
gradient fluctuations and prevents model divergence
during training [14], [20], [21].
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and (c) Positive, for Cendol model.

Linguistic ambiguity: Comments with sarcastic
tones, such as “Amazing, all you do is complain,” are
often difficult to identify as negative since the literal
form appears positive.

Previous research using IndoBERT for Indonesian-
language hoax detection reported an accuracy of 91.2%
and about similar value [9]. In contrast, LSTM-based
models achieved only 82.3% accuracy on a similar task
due to limitations in capturing word relationships in
longer contexts. This confirms IndoBERT’s superior-
ity in understanding Indonesian syntactic structures,
especially in formal and semi-formal texts.

3.3. Cendol Model Performance

The Cendol model is designed to capture the dis-
tinctive linguistic expressions commonly found in so-
cial media communication in Indonesia, particularly
in comments containing hate speech. This model em-
ploys a transformer-based approach, which has been
fine-tuned using an Indonesian social media corpus
to better understand local informal language patterns
[10]. In this study, the model was tested using opti-
mal configuration, which includes a learning rate of

10~%, batch size of 2, and five epochs. Quantitative
evaluation results show that Cendol achieved an over-
all accuracy of 90.6%, with an average precision of
89.5%, recall of 88.9%, and F1-score of 89.2%. Its per-
formance remained consistent and stable, even under
imbalanced data conditions before class balancing was
applied. Overall, these results demonstrate that the Cen-
dol architecture is highly suitable for sentiment-based
and hate speech classification tasks in Indonesian social
media contexts [9], [11]. When performance is ana-
lyzed by individual labels, the model also shows very
competitive results. Table 2 indicates that the neutral la-
bel achieved 92% precision and accuracy, although its
recall was lower at 84%, suggesting that some neutral
comments were misclassified. Meanwhile, the negative
label recorded the highest recall at 95%, with a moder-
ate precision of 86%. The strongest performance was
observed on the positive label, which achieved both
97% precision and 95% recall, resulting in an F1-score
of 96%.

To assess the stability of the model’s training pro-
cess, Figure 4(a), 4(b), and 4(c) presents the graphs of
training and validation loss, as well as training and vali-
dation accuracy across epochs. The loss graph shows a
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Table 2: Cendol Performance Metrics by Class

Class Acc. Prec. Rec. F1-Score

Neutral  92% 92% 84% 88%
Negative 93% 86% 95% 90%
Positive  98% 97% 95% 96%

consistent decrease from 1.2 in the first epoch to 0.3 by
the fifth epoch, while validation loss remains stable in
the range of 0.4-0.5. This indicates that overfitting did
not occur, as the gap between training and validation
loss is not significant. Figure 5(a), 5(b) and 5(c) present
the confusion matrix for each label.

Training accuracy increased from approximately
85% to 95% by the fifth epoch, while validation ac-
curacy remained steady at around 90.6%. This trend
suggests that the model has a strong generalization ca-
pability toward unseen test data, even under the diverse
and dynamic conditions commonly found on social
media platforms.

Similar to IndoBERT, Cendol’s training loss de-
creased consistently, while the validation loss fluctu-
ated and showed a slight upward trend in the final
epochs, as seen in Figure 4. This may also indicate
a tendency toward overfitting, suggesting the need for
further regularization techniques in future work. Fig-
ure 4 further reinforces the quantitative findings by
presenting a detailed visualization of the confusion ma-
trix encompassing all three classification labels. This
graphical representation allows for a clearer understand-
ing of how well the model performs in distinguishing
between the different classes. The model demonstrates
consistently high classification accuracy across each
of the categories, with a true positive rate of 88.4%
for the neutral label, indicating strong performance in
correctly identifying neutral instances. Additionally,
the model achieves an impressive true positive rate of
95.1% for the negative label, reflecting its effectiveness
in accurately detecting negative cases. Furthermore,
the highest true positive rate of 96.1% is observed for
the positive label, showcasing the model’s robust capa-
bility to correctly classify positive instances. Together,
these results highlight the model’s overall reliability
and precision in classification tasks, as evidenced by
the well-distributed and high accuracy scores depicted
in the confusion matrix visualization. However, a small
number of misclassifications can still be observed, such
as neutral comments being classified as negative, which
is common in social text with ambiguous meanings.

Figure 5 displays the confusion matrices for the
Cendol model, highlighting its ability to classify neu-
tral, negative, and positive comments with high accu-
racy across all categories. Cendol is specifically de-
signed to handle the informal linguistic expressions
frequently used on Indonesian social media platforms
such as X (formerly Twitter), TikTok, and Instagram.
The model leverages a tokenizer that is more adaptive
to variations in text, including abbreviations, slang,
and alternative spellings, such as “anjing (dog)” —

“4njlng”, or “bodoh (dumb)” — “b*doh”. This capa-
bility stems from Cendol being trained on a corpus rich
in Indonesian netizen speech styles, in contrast to more
formal models like IndoBERT. Cendol’s effectiveness
in detecting hate speech is also evident in its ability to
capture implicit meaning in sarcastic comments, such
as the phrase “lu emang pinter banget ya” (“oh you’re
really so smart, huh”), which is identified as a nega-
tive comment based on the semantic contrast within
the sentence. This shows that Cendol does not rely
solely on pattern matching of offensive words but also
understands inter-word relationships in a sentence—an
advantage that rule-based or classical models like SVM
do not possess [10], [22].

Furthermore, the use of this model is highly rele-
vant to the dynamic nature of digital communication
in Indonesia, characterized by evolving slang and cam-
ouflage strategies (e.g., the use of numbers or sym-
bols to evade platform moderation systems). In such
contexts, a model like Cendol is essential for plat-
form security developers aiming to automatically detect
harmful content. The findings of this study indicate
that locally trained models outperform generic mod-
els in the classification of hate speech. In previous
research, approaches using Cendol even achieved over
90% accuracy when implemented in Cybersentinel ap-
plications based on VADER and grid search optimiza-
tion [23]. In contrast, traditional methods like Naive
Bayes or Logistic Regression only achieved accuracies
of 72-85%, highlighting the superiority of local deep
learning models like Cendol [24]. These results align
with previous findings [9], [19], [25], [3], [16], [21],
which suggest that BERT-based models such as In-
doBERT tend to exhibit high stability in classifying
formal text. IndoBERT is more reliable when classify-
ing comments written in standard or formal language
structures, whereas Cendol demonstrates stronger per-
formance when handling informal language and sarcas-
tic expressions.

A visual analysis of the training curves reveals key
differences in the dynamics of both models. IndoBERT
converges more quickly, reaching peak validation ac-
curacy at the third epoch. In contrast, Cendol requires
five epochs to reach its maximum accuracy. Addition-
ally, IndoBERT achieves a lower validation loss (ap-
proximately 0.35) compared to Cendol (around 0.45),
indicating better generalization performance on formal
data.

These differences are further confirmed through the
confusion matrix analysis [13]. IndoBERT shows lower
misclassification rates for neutral and negative labels,
while Cendol performs more accurately in classifying
positive comments. This has important implications
for selecting the appropriate model depending on the
dominant type of user expression. Factors Affecting
Performance Differences:

3.3.1. Formal vs. Informal Context
IndoBERT was trained on a corpus of 5.5 billion
words sourced from formal domains such as Wikipedia,
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Table 3: Comparison between IndoBERT and Cendol Models

Aspect IndoBERT Cendol

Accuracy 90.7% 90.6%

Precision 88.9% 89.5%

Recall 89.0% 88.9%

F1-Score 88.9% 89.2%

Strengths Strong on formal language, legal, Excels in informal text, slang, sarcasm,
policy-related, and structured content disguised and ambiguous expressions

Weakness Less effective in detecting informal, Less consistent in handling formal or

sarcastic, or code-mixed expressions

Number of Parameters
Training Corpus

Approximately 125 million
Formal Indonesian

technical vocabulary
Approximately 580 million
Informal Indonesian

Table 4: Error Analysis and Misclassification

Examples Text & Comment True Label IndoBERT Cendol Remarks

“Wah kamu pinter banget sih” Negative Positive Negative  Sarcasm. IndoBERT failed to
detect sarcastic tone, Cendol
succeeded.

“Kebijakan ini benar-benar Negative Neutral Negative IndoBERT misinterpreted formal

merugikan rakyat” language as neutral.

“Hadeh, ini tuh lucu banget Neutral Positive Positive  Both models incorrectly picked

sumpahhh” up emotional intensity as
positivity.

“Bagus banget, ga seperti Neutral Positive Positive  Sarcastic praise is misclassified

biasanya. Hebat deh.”

by both models.

news articles, and legal documents [16]. As aresult, the
model excels at understanding technical terminology
and structured language. For example, phrases like
“violation of Article 28 of the ITE Law” are easily
recognized by IndoBERT as hate speech with a legal
orientation. On the other hand, Cendol was developed
using data from social media platforms rich in slang,
informal expressions, and symbol substitutions (e.g.,
“anjlng”, “b4ngs4t”). This allows Cendol to effectively
detect disguised or veiled hate speech, including code-
mixed comments that are common on platforms like X
(formerly Twitter) and TikTok.

3.3.2. Model Size and Parameter Complexity
IndoBERT contains approximately 125 million pa-
rameters, making it a lightweight and resource-efficient
model [9]. In contrast, Cendol contains about 580 mil-
lion parameters, giving it greater capacity to capture
complex semantics but also requiring more computa-
tional resources. The larger parameter size of Cendol
allows it to be more flexible in processing non-standard
language structures. However, it also necessitates more
sensitive fine-tuning, including careful hyperparameter
adjustments and dropout optimization strategies.

3.3.3. Sensitivity to Class Imbalance

comments is class imbalance. In this study, over-
sampling was applied using SMOTE to balance the
class distribution. IndoBERT demonstrates relatively

higher resilience to skewed data distributions, whereas
Cendol requires more intensive data augmentation strate-
gies. The comparison between the two models demon-
strates that model selection should be tailored to the
specific context of use. IndoBERT is more suitable
for systems that analyze legal content, public policy,
and political disinformation, where formal language
and structured narratives are commonly used . In con-
trast, Cendol is more effective for detecting comments
on social media, making it particularly useful for anti-
cyberbullying campaigns and online community mod-
eration.

Therefore, the optimal approach is to integrate both
models within an ensemble learning or voting system
a strategy also supported by recent NLP studies. Such
a system can combine IndoBERT’s strength in under-
standing formal and legal language with Cendol’s abil-
ity to capture the informal and dynamic expressions
typical of online communication.

3.3.4. Comparative Analysis and Error Examination
To gain a deeper understanding of each model’s ca-
pabilities, a comparative evaluation between IndoBERT
and Cendol was conducted. As shown in Table 3. Both
models achieved similar overall performance, with
IndoBERT slightly leading in formal text classifica-
tion and Cendol excelling in informal and sarcastic
expressions. IndoBERT reached 90.7% accuracy and
demonstrated robustness in processing structured con-
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tent, while Cendol achieved 90.6% accuracy and was
more effective in capturing disguised or casual hate
speech.

In addition to quantitative performance, Table 4
presents an error analysis based on real examples. It re-
veals typical misclassification scenarios that highlight
the models’ respective limitations. IndoBERT often
fails to detect sarcasm or disguised negativity, while
Cendol, despite its informal fluency, sometimes mis-
classifies neutral content as positive due to emotional
language.

The examples above indicate that both models strug-
gle with sarcastic, ambiguous, or emotionally charged
expressions. IndoBERT, while strong in formal lan-
guage processing, tends to misclassify comments with
disguised negative intent. Cendol performs better with
informal and sarcastic tones but may still face difficul-
ties with nuanced interpretation. These findings suggest
that future improvements could include sarcasm-aware
training strategies or attention-based postprocessing.

4. Conclusion

This study aims to compare the performance of two
Indonesian language-based Natural Language Process-
ing (NLP) models, IndoBERT and Cendol, in detecting
hate speech on the social media platform X (Twitter).
Based on quantitative evaluation results, both mod-
els demonstrate high accuracy—90.7% for IndoBERT
and 90.6% for Cendol. IndoBERT proves superior in
handling formal and structured texts, thanks to its train-
ing on a large Indonesian corpus sourced from official
materials such as news articles, legal documents, and
Wikipedia. In contrast, Cendol is specifically designed
to understand informal language, including slang, sym-
bols, and non-standard spelling commonly used on
social media, enabling it to capture implicit meanings
in sarcastic or coded expressions.

These differences highlight the importance of se-
lecting models according to their intended use case.
IndoBERT is more suitable for formal content analysis
systems, such as public policy reporting or legal dis-
information detection, while Cendol is ideal for mod-
erating user comments on social media with casual
language styles. To enhance the accuracy and adapt-
ability of hate speech detection systems, this study
recommends implementing an ensemble learning ap-
proach that synergistically combines the strengths of
both models.

Suggestions for future research include developing
multimodal approaches that analyses not only text but
also visual elements like images and videos in memes
or provocative content, allowing detection systems to
better respond to the complexity of today’s digital com-
munication. Additionally, exploring domain-specific
hate speech, such as gender, sexual orientation, and
disability, could broaden the ethical and social contri-
butions of this research.
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