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Cyberbullying on social media, particularly in Bahasa Indonesia, has become
a pressing problem. Detecting abusive language in Bahasa Indonesia poses
unique challenges due to the prevalence of informal expressions, slang,
code-mixing, and implicit aggression. Recently pre-trained language models,
such as Indonesian bidirectional encoder representations from transformers
(IndoBERT), can generate contextual word embeddings that have shown strong
potential for understanding complex linguistic patterns. However, it remains
unclear which classification models can best exploit these rich embeddings.
This study aims to enhance the performance of cyberbullying detection and
investigate why simple neural networks outperform traditional machine learning
classifiers, such as support vector machine (SVM) and naive Bayes (NB) when
applied to contextual embeddings in Bahasa Indonesia. This study conduct
both theoretical and empirical comparisons of fully connected neural networks
(FCNN), SVM, and NB classifiers using IndoBERT embeddings. The results
demonstrate that even shallow neural architectures can leverage contextual
semantic information more effectively than traditional methods, yielding higher
accuracy and robustness. Besides performance improvement, the study also
explains the underlying reasons for this superiority, highlighting the adaptability
of neural models to complex embedding spaces. These findings provide
insights for developing more effective abusive language detection systems in
low-resource languages and contribute to understanding the interaction between
modern embeddings and classifier architectures.

This is an open access article under the CC BY-SA license.

©00]

Corresponding Author:
Rini Anggrainingsih

Department of Informatics, Faculty of Information Technology and Data Science, Sebelas Maret University
Ir Sutami St. 36A, Kentingan, Jebres, Surakarta 57126, Indonesia
Email: rini.anggrainingsih @staff.uns.ac.id

1. INTRODUCTION

Cyberbullying is an intentional, repeated, and harmful behavior enacted through digital channels,

such as social media, messaging, games, and forums. It remains a serious concern on social platforms. Recent
studies on cyberbullying reported that cyberbullying happens across many social media platforms and that it is
still hard for computers to detect such behavior automatically [[1]].

The high cyberbullying rate in urban areas of Indonesia, such as Jakarta, Surabaya, and Bandung,
underscores the urgent need for automatic detection systems tailored to Bahasa Indonesia [2]. On the other
hand, the rapid growth of online discourse and the mixing of formal Bahasa Indonesia with slang and
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code-mixing create additional challenges to build a highly accurate automatic detection for Bahasa Indonesia,
reinforcing the practical need for language-aware models in moderation pipelines [3]. Recently, transformers
contextual embeddings that can capture the meaning of words in context have become the standard tool for text
classification tasks.

For Indonesian social networks, transformer-based encoders, such as Indonesian bidirectional encoder
representations from transformers (IndoBERT), can be utilized to capture informal expressions and platform
vernacular in Bahasa Indonesia more effectively than feature engineering methods, yielding consistent gains
across text classification tasks. Recent Indonesian natural language processing (NLP) studies on Twitter
(now X) further underscore the benefit of transfer learning and contextual encoders for downstream
classification quality. These trends motivate the use of Indonesian contextual representations as features for
cyberbullying detection to classify a harmful or abusive text in online conversations [4], [S]].

While transformer can represent text into contextual embeddings that supply powerful features,
the choice of classifier over those features remains essential for gaining high performance and efficiency.
Comparative benchmarks in some studies show that linear support vector machines (SVMs) are strong and
often competitive baselines for text and naive Bayes (NB) remains attractive for speed and low-resource settings
in the cyberbullying field in Bahasa Indonesia [[6], [[7]. In the context of cyberbullying detection in Bahasa
Indonesia, most prior works more emphasized improving detection accuracy rather than understanding why
deep learning models, such as simple neural networks, better utilize contextual embeddings than traditional
classifiers. To address this gap, the present study investigates how neural networks capture contextual
information and interact with different classifier architectures by comparing the performance of SVM, NB, and
fully connected neural layers built on top of IndoBERT in classifying cyberbullying text in Bahasa Indonesia.

Specifically, in this study: i) employs IndoBERT as a feature extractor to generate Indonesian text
representations for cyberbullying detection; ii) evaluates and compares the performance of SVM, NB, and
fully connected neural layers built on top of IndoBERT in classifying cyberbullying text in Bahasa Indonesia;
and 1iii) analysis, from both theoretical and practical perspectives on how the choice of classifier impacts
overall classification performance. Through these analysis, this study aims to provide a deeper understanding
for researchers and practitioners in selecting lightweight yet high-precision architectures. This study also
contributes to the development of more robust multilingual safety systems for online text moderation in
Bahasa Indonesia.

2. LITERATURE REVIEW
2.1. Characteristics of cyberbullying in Bahasa Indonesia

In the Bahasa Indonesia context, cyberbullying has different unique features compared to English or
other monolingual settings. In English language, offensive words often follow more standardized patterns,
while social media posts in Bahasa Indonesia are dynamic, informal, creative, and often mix with other
languages. People often use mixed languages, slang, sarcasm, or subtle hints to express harmful messages
without using explicit bad words. This makes it much harder for computer models to detect abusive
language accurately.

One of the most notable features of Bahasa Indonesia in online communication is the use
of code-mixing, a combination of Bahasa Indonesia and other languages, either content of Bahasa
Indonesia-English or Bahasa Indonesia-local languages such as Javanese or Sundanese. Some studies reported
that this multilingual and code-mixed usage is normal and often used in many Indonesian social networks to
emphasize tone, create a sense of belonging to the group, or make sarcasm more subtle [§]. For example, a
comment such as “Dasar kamu toxic banget sih, literally bikin orang stress” mixes Bahasa Indonesia with
English terms. Another variation might include Javanese phrases, creating a trilingual mix within a single
sentence. Indonesian youths frequently use informal slang and spellings on platforms like TikTok, Instagram,
or X. For example:

— ’anjir’ or ’anjay’ as softened/slang forms of bad language for ’anjing’ (dog, often used as an insult).

— ’baper’ (from bawa perasaan, meaning overly emotional).

— ’gabut’ (having nothing to do, often used negatively in teasing contexts).

In addition, spellings are often manipulated or twisted to elude moderation or make the bullying sound playful:
't0l01’ instead of 'tolol’ (stupid), or elongated words like 'sumpaaaahhh’ for emphasis. These kinds of linguistic
ways make dictionary-based detection not reliable anymore, since new variants emerge continuously []].
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Furthermore, there is often a sarcasm, another type of cyberbullying in Bahasa Indonesia. A user may
write “Wah pinter banget ya, nilainya merah semua” (“Wow, you are so smart, all your grades are failing”).
While no explicit insult is present, the sarcastic context makes it harmful. Sarcasm often leverages positive
surface words to mask negative intent, making keyword-based approaches no longer effective. Recent studies
confirmed that sarcasm detection benefits from contextual and sentiment-aware models [9)]. However, in Bahasa
Indonesia, a sarcasm case is challenging because sarcasm often relies on cultural references, such as local
humor, memes, or trending hashtags, that are not easily transferable from English-language models.

2.2. How contextual embeddings like IndoBERT capture nuanced meaning and why traditional

features fall short

Conventional text representations and feature engineering treat words as isolated units, ignoring
context and order. For example, term frequency—inverse document frequency (TF-IDF), world to vectors or
bag-of-words. Despite being computationally cheap, traditional text representations are no longer adequate for
abusive-language detection in Indonesian social media due to the following reasons [3]], [[10]:

— Context loss, as a traditional text representation cannot differentiate whether a praise sentence is sarcastic
compliments or genuine.

— Sparcity issues due to a continuing emerging informal vocabulary, such as slang, spelling variants, and
creative expressions vocabulary, a traditional representation method failed to recognise a new slang
vocabulary early.

— Code-mixing failures as words from different languages are treated as unrelated tokens, reducing the ability
to capture cross-lingual bullying cues.

In contrast, contextual embeddings produced by transformer-based architectures encode meaning
dynamically by considering both directions of the surrounding words, the left and right of a word. This ability
is valuable, particularly for cyberbullying detection in Bahasa Indonesia. For example, in the sentence “Dia
memang gila belajar” (“‘She’s crazy about studying”), the word “gila” (crazy) is positive, denoting enthusiasm.
In “Dia gila bener, bikin malu keluarga” (“He’s really crazy, bringing shame to the family”), it is a negative
insult. A TF-IDF model would treat “gila” as the same token, but transformer models, such as IndoBERT can
distinguishes its meaning based on context by considering words before and after “gila” 3], [[L1]]. IndoBERT is
a pre-trained language model on a large Indonesian corpus, IndoBERT captures local slang and idiomatic usage
better than multilingual models. Studies report significant accuracy improvements in emotion and sentiment
classification tasks compared to baseline models [4]].

2.3. Theoretical comparison of classifiers

The high performance and reliability of text classification in Bahasa Indonesia depend not only on
the text representation method but also on the choice of classifier model. This section presents a comparative
analysis of three classifiers: fully connected neural networks / multi-layer perceptron (FCNN / MLP), SVM,
and NB. These three selected classifiers represent distinct learning paradigms: probabilistic (NB), margin-based
(SVM), and representation-based (FCNN), allowing a balanced comparison between traditional and neural
approaches in leveraging contextual embeddings for cyberbullying detection. The comparison covers both
theoretical foundations and practical trade-offs.

2.3.1. Fully connected neural networks / multi-layer perceptron

An FCNN (often called MLP) is the simplest type of artificial neural networks where all neurons in
one layer are connected to every neuron in both the previous and the next layers. This composition of neurons
enables the model to learn a mapping function y = f(x) between input « and output y through a series of linear
transformations, each followed by a nonlinear activation function [12], [13]. For a classification case, FCNN
takes a feature vector and passes it through layers of linear transforms and nonlinear activations, and a softmax
for predicting a class at the end.

When the input is a contextual embedding (for example, mean-pooled token states from IndoBERT),
the FCNN can learns how to mix those high-level features. It will be able to boost or suppress dimensions
and combine them multiplicatively through nonlinearities, and create interaction terms that approximate
complex rules [14]. In text classification tasks, FCNNs are typically trained to minimize a loss function, often
incorporating label smoothing or class weighting to handle class imbalance. To achieve optimal performance,
the network can be regularized and optimized through techniques such as dropout, weight decay, early stopping,
and batch normalization.
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2.3.2. Naive Bayes

The NB classifier is a probabilistic supervised learning algorithm that is built based on the foundation
of Bayes’ Theorem, which states as in (1).

PY=c)P(X=z|Y=¢
P(X =x)

PY =c|X=ux)= (1)

In the classification setting, Y refers to the class label and X refers to the vector of random variables that
represent the features. The “naive” assumption is that the features are conditionally independent given the class
label, as in (2).

P(C| X) x P(C) HP(mi | O) 2)

This assumption can reduce the number of parameters to estimate and simplify computation, making
the classifier much more efficient [15]. NB has been reported to gain high performance in many real-world
applications, especially when feature dimensionality is high. This includes text classification, spam detection,
and other sparse-high-dimensional domains where dependencies have a limited negative impact [16].

2.3.3. Support vector machines

SVM is one of the supervised-learning algorithms that is inspired by statistical learning theory, hence
benefiting SVM to have strong generalization performance when the margin is large [[17]. The basic idea of
SVM is to find the best decision border (hyperplane) that separates classes of data by maximizing margin from
the hyperplane to the nearest training points of any class [18]], [19]. SVM control capacity by considering the
distance from the border to the nearest point rather than the number of parameters. Therefore, SVM would
be effective in high-dimensional spaces or when the number of dimensions is large relative to the number of
samples [[17]].

In addition, because margin maximization implicitly imposes capacity control, SVMs often generalize
well, particularly when properly regularized; hence, SVM is robust against over-fitting. However, although
SVM establish a clear border (hyperplane), the impact of individual features is often less considerable compared
to simpler models [20]. Moreover, margin-based method in SVM may struggle and need extensive parameter
tuning when classes are highly overlapping or contain many outliers [21]].

2.4. Cyberbullying detection in Bahasa Indonesia

Previous studies on cyberbullying detection in Bahasa Indonesia have primarily employed
conventional machine learning techniques to determine whether a text contains bullying elements. These
methods typically classify text by extracting linguistic or statistical features and representing the text using
approaches such as TF-IDF and bag-of-words, as seen in works by [6], [7]. More recent research leveraged
emerging bidirectional encoder representations from transformers (BERT)-based models as feature extractors
to encode text into contextual embeddings, as shown in studies such as [22], [23]. This advancement is
allowing next other studies to compare classifier performance in identifying bullying content [24]], [25].

In the context of Bahasa Indonesia, several studies have been published on cyberbullying detection
However, only a few have made their datasets publicly available. Among these, Lukman and Novianto [6]
utilized a new dataset specifically designed for cyberbullying detection in Bahasa Indonesia publicly publicly
available. Despite these advances, most prior works focused on improving detection accuracy without fully
explore why certain models—particularly deep learning architectures, including a simple neural networks tend
to leverage contextual embeddings more effectively than traditional classifiers.

This study aims to address this gap by investigating the underlying factors that enable neural networks
to capture contextual information during the embedding representation process and how they interact with
different classifier architectures. Specifically, it seeks to explain why simple neural networks can leverage
embeddings effectively and achieve better performance in Indonesian cyberbullying detection tasks. This study
use a dataset similar to that employed in the work of Lukman and Novianto [6]] and adopt it as the baseline for
this study.
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3. MATERIAL AND METHOD
3.1. Dataset

This study utilized a dataset of Indonesian-language social media comments that were annotated
whether a text contained cyberbullying context or not. The dataset is released by an independent contributor on
public data repository [26]. Specifically, the dataset used in this study contained 650 comments in total, which
consisted of 325 instances of cyberbullying labeled and 325 non-bullying labeled samples. Although this study
can take advantage of the balanced nature of this dataset to support fairness training and evaluation, this dataset
is considered a relatively small size, also presents challenges. Small datasets in low-resource languages like
Bahasa Indonesia may restrict the generalizable of models compared to large-scale benchmarks in English [3]].
Hence, our empirical design focuses on maximizing the representational strength of embeddings (IndoBERT)
while carefully comparing classifiers under identical protocols.

3.2. Preprocessing and embedding strategy
In this study conducted a data preprocessing strategy to remove noise and to standardize text before
the encoding process. The text preprocessing steps include:

— Lowercasing: all text was converted into lowercase to get similar representations of similar words (e.g.,
“Cyberbullying” vs. “cyberbullying”).

— Removing mentions and hashtags as social media texts often include @username mentions and #hashtags
that may carry little semantic value for bullying detection.

— Removing or normalizing Non-American Standard Code for Information Interchange (ASCII), extra
symbols, emojis, and foreign characters. Emojis were converted to textual descriptors where possible, as
they sometimes convey affective signals relevant to bullying.

— Normalizing token by applying a standard NLP cleaning operations, including removal of punctuation,
stop-word filtering, and white-space normalization.

The processed texts were then tokenised and encoded into vector representations using IndoBERT,

a pre-trained language model specifically trained on Indonesian corpora [27]. IndoBERT is essentially a

BERT [28] that is trained on a large corpus of Indonesian news, Wikipedia, and web data, enabling it to

capture semantic nuances in Indonesian texts that traditional embeddings, such as TF-IDF or Word2Vec, often

fail to represent. Similarly to BERT, in IndoBERT, for each input sentence, the [CLS] token embedding was
extracted from IndoBERT’s final hidden layer. This vector is then used as a contextual text representation of
all sentences in the dataset to train the classifier models.

3.3. Classifier configurations and training setup

Previous studies have demonstrated that contextual embeddings can produce highly separable
representations in which relatively simple classifiers can achieve strong text classification performance,
supporting the use of linear SVM and Gaussian naive Bayes (GNB) as a competitive baseline in
embedding-based classification tasks [29]], [30]. In this study compared three classifiers: a Feedforward
neural network (FNN), a SVM, and a GNB. The FNN was implemented by leveraging IndoBERT’s embedded
classification layer by feeding its contextual embeddings directly into the built-in classifier on the top layer
of IndoBERT.

This study set random seed to 42, used adaptive moment estimation (Adam) as the optimizer with
a learning rate of 2 x 10~° and a batch size of 16, optimizing categorical cross-entropy for up to 50 epochs
with early stopping based on the validation F} score to prevent over-fitting. This setup minimized additional
architectural assumptions while allowing the model to exploit the representational capacity of IndoBERT
embeddings for classification. For SVM, this study employed a linear kernel with the regularization constant
C that was optimized during the training process.

This study implemented all classifier models in Python by using the Scikit-learn libraries. For splitting
data, this study applied an 80 : 20 train-test split rather than a three-way split (for example, 70 : 20 : 10 for train,
validation, and test). This study note that a separate validation set was not required because model selection was
handled within the training process. In particular, FNN used early stopping based on the validation F1-score
drawn from the training partition, while SVM and NB were trained directly using the same split without
additional validation. This setup enabled us to allocate more data for training (80%), which is especially
important in the low-resource context of Bahasa Indonesia data, while still having a sufficient number of test
set (20%) to obtain a reliable estimate of generalisation performance.
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At the final step, this study assessed the performance of each model using four standard evaluation
metrics: accuracy, precision, recall, and F1-score using (3) to (6). These metrics provide a comprehensive view
of classification quality by jointly reflecting correctness, sensitivity, and balance between precision and recall.
In this context, TP, TN, FP, and FN represent the numbers of true positives, true negatives, false positives, and
false negatives used in the computation of these measures, respectively. This study run all experiments three
times and record the best result.

Accuracy(A) = 75— JT; TL ijl\g Y FN ©
Precision(P) = TPiLiPFP 4)
Recall(R) = Z“Pj—ji—ipFN (5)
Fl1= % (6)

4. RESULTS AND DISCUSSION

This section presents our experimental results and analysis their implications for model behavior
and representation learning. This study observe consistent gains when using embedding-based features,
with improvements spanning accuracy, precision, recall, and Fl-score across multiple splits and classifiers
as presented in Tables 1 and 2. Building on these findings, this study develop a focused discussion on why deep
learning models, including shallow FNN, leverage embeddings more effectively than traditional baselines.

Table 1. The performance of baseline model; cyberbullying detection using TF-IDF and bag-of-words
Models  Accuracy  Precision  Recall  Fl-score
NB 0.82 0.75 0.88 0.81
SVM 0.88 0.88 0.88 0.88

Table 2. The performance of cyberbullying detection classifier models using contextual embedding

Models Accuracy  Precision  Recall  Fl-score
NB 0.777 0.704 0.919 0.798
SVM 0.831 0.813 0.839 0.826
IndoBERT 0.859 0.842 0.874 0.858
Finetuned IndoBERT 0.946 0.934 0.972 0.958

4.1. Experimental results

This study confirm the expected performance hierarchy across classifier families as mentioned in
theory and previous studies in the text classification area [31]], [32]. NB under-performs due to its independence
assumptions being misaligned with dense, correlated sentence embeddings, yielding lower precision despite
relatively high recall. SVM improves on NB by maximizing margins in high-dimensional spaces, but remains
limited by the non-task-adapted geometry of frozen embeddings.

In contrast, a linear head top of IndoBERT already surpasses classical learners, reflecting the strong
priors encoded by contextual representations. The best results are obtained with fine-tuning of IndoBERT,
which reshapes the representation manifold to enhance separability between classes, thereby improving all
metrics. The results demonstrate that by fine-tuning IndoBERT, our model outperforms the baseline model by
improving accuracy by 6.6%. These findings indicate that fine-tuned BERT-family models reliably outperform
SVM and NB for supervised text classification, including in Indonesian-language settings.

This study did not employ NB and SVM on fine-tuned IndoBERT embeddings because the strength
of contextual embeddings in pretrained language models comes from end-to-end fine-tuning, which jointly
optimizes the encoder and a simple discriminative network under the cross-entropy objective to reshape the
embedding space so that classes become more separable for the downstream task. For this reason and based
on the previous works report [33], this study have the opinion that substituting a post-hoc NB/SVM cannot
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further adapt the encoder and typically adds only an alternative boundary over features already optimized
for linear classification. Hence, adding NB/SVM on top of already fine-tuned IndoBERT embeddings is
methodologically redundant and unlikely to yield additional scientific insight or measurable gains beyond the
standard fine-tuned head [34]).

4.2. Why deep learning (including shallow FNNs) leverages embeddings more effectively

In text classification, pretrained language models (e.g. BERT models) provide dense embeddings that
already capture rich context and semantics. Then, during the fine-tuning process, BERT models can reshape
the embedding space through shallow neural adaptation to generate a better text representation quality. Hence,
neural networks, even when the classifier is only a simple network, can modify the internal composition of
embeddings to enhance decision boundaries and inter-class separability, while traditional machine learning,
such as SVM and NB, relies on static representations and manual feature engineering. This notion is in line
with previous studies in their comprehensive survey of text classification approaches [35], [36]].

From a theoretical perspective, several studies have formally proved that deep learning models benefit
from the implicit bias of gradient descent. When this optimization is applied to logistic or cross-entropy loss
on separable data, the iterates tend to converge toward the maximum-margin separator. Consequently, even a
simple linear network can naturally seek large-margin, well-generalizing solutions once the embedding space
is properly structured [37], [38].

Another important factor is the capacity of deep learning models for nonlinear feature mixing. A
shallow FNN built on top of IndoBERT can re-weight the embedding dimensions to correct residual distortions
and effectively learn a task-specific transformation of the feature space. In contrast, traditional classifiers
operate on static features and cannot modify the underlying geometry [39]. These finding conclude that the
surpassing performance of Transformer models, such as IndoBERT, drove by the fusion between fine-tuned
embeddings and adaptive neural heads, not by the classifier’s form.

5. CONCLUSION

This study demonstrate that simple neural-based classifiers consistently achieve higher performance
across all evaluation metrics compared to traditional machine learning models on contextual embedding
vectors. Specifically, fine-tuned IndoBERT achieved the highest F1-score (0.958), outperforming SVM (0.826)
and NB (0.798). This study findings confirmed the findings from the previous studies that the strength
of contextual embeddings is gained most through end-to-end fine-tuning and adaptive neural layers, which
can reshape the embedding space. The fine-tuning process enables neural layers to emphasize inter-class
separability and reduce representational distortion. SVM and NB, operate on static feature representations, so
that they do not have the ability to exploit the nonlinear interactions and semantic richness that may exist in the
embedding vectors. Overall, this article contributes to the research on cyberbullying detection by highlighting
the compatibility between contextual embeddings and neural classifiers. This study can be extended by future
research by exploring multilingual and multimodal embeddings, larger and more diverse datasets, to enhance
transparency and robustness in cyberbullying detection systems.
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