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Abstract: Hate speech that occurred in social media platforms presents critical safety challenges, especially in language environments
with minimal source where text is often ten in an informal form, abbreviated, and context dependent. This paper further provides
empirical evidence regarding the ability of the BERT (Bidirectional Enco presentations from Transformers) model in detecting
hate speech in a rough text environment and comparing directly with other deep leaming techniques. Three Bidirectional Long Short-
Term Memory (BiLSTM) variants using Word2Vec, FastText, and TF-IDF representations were compared with BERT, which employs
contcxualzmgua ¢ representations. The data is separated by using a train-test ratio of 80:20, and the performance is evaluated according
to their accura ccision, recall, Fl-score, and area under the curve (AUC). The result shows that BERT outperforms all variations
of BILSTM by ing an accuracy of 87.18%, an Fl-score of 87.08%, and an AUC matrix of (.9244. According to the efficiency
matters, BILSTM and Term Frequency-Inverse Document Frequency (TF-IDF) are the most ineffective for their uneven classification
distribution, while BILSTM with Word2Vec and FastText shows moderate effectivity. This finding conclusively demonstrates the benefit
of transformer-based models to capture the subtleties of language with noisy textual data, which is commonly found in low-resource
settings. To conclude the above discussion, this finding suggests that BERT has great potential as a multilingual content moderation

tool to be applied in informal and unstructured digital environments.
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1. Introduction

Working and living patterns of people have undergone huge
changes under the influence of the information age and commu-
nication, which has now spread widely across mediums including
social media with its sites such as Facebook, Twitter, and Insta-
gram; posts that allow homeowners everywhere to share ideas
instantly online, or media exposure, have made relatively ordi-
nary characters into public figures virtually overnight. As an open
medium, this kind of creation is naturally accompanied by imped-
iments. The biggest problem it faces is hate speech. That kind of
language is used to undermine one or more groups of people by
race, religion, ethnic background, gender identity, or sexual ori-
entation [1, 2]. Social media has now been upgraded to an issue
of concern for the government of Indonesia, whose citizens use it
heavily. As with the larger public, social media carries the threat
of social order compromised by inter-ethnic tensions [3].

On social platforms, hate speech frequently surfaces in terse
and Schadenfreude-style apathetic comments. In such a casual,
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situational idiom, automatic discrimination methods will find
themselves in an impossible bind. Formal and context-free rating
methods have been twist this kind of text. Thus, hate speech
detection is a complicated machine leaming and natural language
processing (NLP) problem, requiring models to make inferences
about the contextual meaning in text [4-6]. The main problem is
how to design an effective classifier, especially for languages with
rich configuration structure and part-of-speech context, such as
Indonesian [7, 8].

BiLSTM and BERT with a Bidirectional Encoder (BiLSTM-
BERT) node are two of the most popular new machine learning
architectures following NLP’s bidirectional approach. This means
that the BILSTM structure, unlike models such as Word2Vec and
GloVe, incorporates information from both before and after the
current location in an input sequence direction (forward and back-
ward). Its error rate on a document classification task was shown
to be less than half that of a standard one-direction long short-term
memory (LSTM) machine However, one of its major prob-
lems is unsuitability for cross-document tasks [9, 10]. In contrast,
BERT has consistently demonstrated leading performance in NLP
research, including text classification using various vocabularies
and conventions, such as the General Inquirer, sentiment analysis,
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and the analysis of Thorndike’s word corpus containing adverbs
of negation. BERT's main advantage is the ability to resolve lexi-
cal ambiguity in a highly accurate manner: polysemy and complex
syntactic structures are both solidly processed [11-13]. This model
is effective in analyzing fine-grained word-level semantics and
extracting cross-sentence association. As a transformer-based
model, BERT can capture word-level semantics and automati-
cally extract high-level features from multiple representation layers
[14, 15]. This matter produces short-term effects in words or
phrases in a sentence along with the long-term effects from each
and every word i documents [16, 17]. Even though BERT
has been adopted tor hate speech detection, including in studies
using Indonesian datasets and domain-adapted variants such as
IndoBERTweet, existing research has focused more on achieving
higher predictive performance than on systematically analyzing
how contextual and non-contextual modeling paradigms perform
under identical experimental conditions. Specifically, there is less
comparative study to evaluate BERT and BiLSTM architectures
side by side, using the same actual Indonesian social media data,
the same preprocessing pipeline, identical data splits, and consis-
tent evaluation matrix, especially when several embedding word
strategies are used [18].

Revolutionary technological developments, such as advances
in word representation techniques including Word2Vec, FastText,
and TF-IDF, fundamentally have constructive acts in model
performance, not to put aside the importance of classification
algorithm developments On the other hand, Word2Vec and Fast-
Text change words into distributed vector representations, where
the continuous semantic space captures the semantic relation-
ships among different words. In contrast, TF-IDF gives statistical
weights in terms of any documents according to the relative
importance of other terms in the same document [19]. By com-
bining with a deep learning algorithm, this embedding technique
has demonstrated enhancement in detecting hate speeches [20].
However, comprehensive studies that systematically compare the
effects of several embedding strategies impacts toward BILSTM
performance and explicitly compare that result with transformer-
based models that inherently learn contextual embedding are
hardly ever available for informal and noisy Indonesian social
media texts.

To address this gap, this study adopts a comparative and
controlled diagnostic research design. This paper further provides
two main contributions: first, by doing systematic evaluation
along with multilanguage baseline of the BERT model and
three variants of BILSTM that use different embedding te-
gies (Word2Vec, FastText, and TF-IDF), which are all tramned
and tested using the same dataset, preprocessing pipeline, data
splits, and evaluation matrix, and second, by isolating the con-
textual representation effects versus the non-contextual effects
This study provides empirical insights into why transformer-based
models tend to be more robust in low-resource, informal, and
context-dependent linguistic environments. All phases of research
follow the standardized experiment design to ensure methodolog-
ical rigor and reproducibility. Furthermore, this study aims to

ort the decision-making in choosing and implementing a
model for the moderation system of Indonesian hate speech and
other mininum resource language contexts.

2. Literature Review

Hate speech detection is now becoming a hot topic for
researc the domain of NLP. This is driven by the massive
spread of user-generated content ifiZSocial media platforms. The
prior studies for this area mostly relied on traditional machine
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learning techniques like support vector machines (SVMs), Naive
Bayes, and logistic regression for automatic text classification
tasks [1, 3, 8]. Even though their models are considered success-
ful for these tasks, they are likely to rely on the features, which
means they rely on the manually factored variables and bag-of-
words representation, which is inherently unable to capture the
semantic complexity or contextual nuances as the characteristic
of informal online discourses Hence, these classic models exhibit
limited robustness when applied to noisy social media texts that
include sarcasm, abbreviations, and implicit hate expressions

To address this limitation, upcoming research introduces a
sequential and hybrid deep learning architecture that utilizes dis-
tributed word representation and temporal dependencies. For
context, Riyadi et al. [2] employed a Convolutional Neural Net-
work—Recurrent Neural Network (CNN-RNN) hybrid model for
Indonesian hate speech detection and reported notable improve-
ments over traditional classifiers. Their improvement compared
to traditional approaches is noticeable In a similar fashion,
Dwitama et al. [9] turmed to BILSTM for Indonesian Twitter data
and found good results. At the same time, Ghozali et al. [21]
showed through feature expansion strategies that BILSTM perfor-
mance could be improved even further. Nevertheless, even with
this kind of development, sequential RNN-based architectures
such as BILSTM are still limited in capturing long-range depen-
dencies and subtle pragmatic cues, especially for hate speeches
that are implicit and sarcastic. This challenge is enhanced in a
super noisy environment that involves code-mixing, slang words,
and common informal expressions that are commonly found in
social media. Referring to the recent study by Saputra and Siba-
roni [17], adding auxiliary features (such as statement length) in a
BiLSTM-based model produces a better score in multi-label polit-
ical discourse classification. Furthermore the development, NLP
research has undergone a paradigm shift toward transformer-
based architectures, which model global contextual relati ps
through a self-attention mechanism. Among these models, BERT
(Bidirectional Encoder Representations from Transtormers) has
emerged as a dominant framework due to its bidirectional con-
textual encodi rong handling of polysemy and syntactic
ambiguity, and state-of-the-art performance across diverse NLP
tasks, including sentiment analysis, text classification, and ques-
tion answering [11, 13, 15]. There is also additioq:lidcmc of
the superiority of transformer-based techniques in hate speech
classification from Mutanga et al. [22], Saleh et al. [23], and
Kusuma and Chowanda [24]. In the context of Indonesian, we
need another example that shows using IndoBERTweet and BiL-
STM can reach 93.7% for classification accuracy. Other studies
enhanced the BERT model for low-resource scenarios, for exam-
ple, the Triple-Compressed BERT of Peng and Zhao [12], or
transfer learning methodologies investigated by Devianty [16],
which is tested to be able to handle the classification task well even
with a small training dataset. However, despite the promising find-
ings, systematic empirical comparison between transformer-based
models and sequential deep learning architectures under identical
experiment condition are still rare, especially for languages with
limited resources like Indonesian.

Word representation is the main research focus for ot
researchers. Especially now, there are plenty of effective ways to
transform textual data into digital features that can be used for
classification tasks, such as Word2Vec, FastText, and TF-IDF [19,
20, 25]. This approach simply appears in a lot of studies, such
as sentiment classification and hateful speech research, but it has
been found to be weak. Context, sarcasm, and various verbal
idioms so common on social media go unrepresented [26-28].
Recent reviews, such as that by Asudani et al., have put extra
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emphasis on contextual embeddings over static ones. In this age
of informal social media texts, it becomes more apparent that
non-contextual models are less useful [25].

Even with several progresses, only a few of empirical studies
directly compare contextual models with hybrid models with the
same embedding strategy in an identi perimental framework
such as sequential BiLSTM, especially for languages with limited
resources such as Indonesian [18]. In the current benchmark stud-
ies, the focus still lies on the sentiment instead of hate speech. For
the current state, this field is limited to classic machine learning [1,
3, 8], hybrid deep learning model [2, 9], or transformer-based eval-
uation only [22, 23]. Given the lack of comprehensive comparative
studies examining the results of these three perspectives (which are
transformer-based model, sequential deep learning model, mixed
model) in noisy, informal, transient online discourse, it is hard to
find out how effective the applied approach is if it is applied in
other languages and cultures. It is important to fill in the discrep-
ancies: a good and compatible structured hate speech detection
system for minoritized languages, which is aimed to be possible
by such research.

Fig

3. Research Methodology

This research uses quantitative cxpcrimcntaPthodology
to systematically analyze and compare several deep learning
approaches in detecting hate speech in Indonesian social media
contents This experiment is done using a Twitter corpus, which
reflects the characteristics of actual online discourses that are
informal, noisy, and context dependent. Besides accuracy com-
parison, explicit methodology design is aimed to highlight the
comparative distribution from several modeling paradigms in
controlled and unified experimental settings. The overall exper-
imental procedure follows the structured life cycle, as pictured
in Figure 1 (Research Methodology Framework), including data
collection, preprocessing text, word representation, model train-
ing, and performance evaluation, followed by the selection of the
bcst-pcqcr;ing model to be integrated into the web-based pro-
totype. The novelty of this methodology lies in the design as
a comparative evaluation cycle, which simultaneously tests the
transformer-based model, sequential deep learning model, and
embedding-driven variants in the same experiment framework.
By controlling the stages of preprocessing, data splitting, training

ure 1
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configuration, and evaluation matrix, this study enables fair and
interpretable comparison among models that are often evaluated

mﬁlmly in previous work.

3.1. Data collection and data labeling

The data used in this study is derived from Twitter social
media in Indonesia. The used datasets are public and developed
by Ibrohim and Budi [29], which are available on the Kaggle
website, which allows users to searchf§lisfther for this study with-
out extra cost. The big categories in the dataset are hate speech
(labeled 1) and non-hate speech (labeled 0). All entries from the
previous dataset have been annotated and validated according
to established hate speech labeling criteria, hence ensuring the
robustness and consistency of the annotation. Utilizing the exist-
ing and validated datasets allows this study to be more focused
on methodological comparison than subjective annotation, while
also facilitating the reproducibility and comparability with prior
research.

3.2. Data preprocessin;

As the first step in transforming raw textual inputs into a
form suitable for machine learning-based dassification [30, 31],
data preprocessing is a critical foundation item. In the present
study, preprocessing was designed to remove extraneous elements
and standardize input structures to ensure consistency across sam-
ples [26-28]. A standardized three-stage preprocessing pipeline is
applied homogeneously across all models to eliminate the dis-
tracting effects that occurred as a result of inconsistent input
preparation.

The first stage is case folding. This function changes all
alphabet characters to lowercase and ensures the model interprets
words lexically, such as Benci, BENCI, and Hate as equivalent.
This ensures there will be no extraneous variation due to let-
ter casting. Hence, models might use their resources to learn
semantic aspects rather than differentiate words based on shallow
differences

The second stage is tokenization, a process to separate texts
into word units (called tokens). By doing tokenization, longer text
might be divided into smaller units; hence, the algorithm is able
to do the processing and classification. The third stage of this
pipeline is removing stopwords, which includes eliminating irrele-
vant common wé for analysis like “yang,” “dari,”" and “dan.”
This stage aims to reduce the noise in the data and make the
model more efficient. In other words, the preprocessing stages are
reflected in Table 1.

The completion of these three phases is deemed adequate for
generating text that is clean and prepared for the subsequent step,

which involves word representation (word embedding) and the
training of a classification model utilizing the BERT and BiLSTM
algorithms.

3.3. Word embedding

The conversion of textual input into a numeric vector, which
is called word embedding in technical phrases [25, 32]. In this
study, word embedding is explicitly used in BILSTM mode,
while BERT inherently produces contextual embedding during
the encoding process; hence, there are no external embedding lay-
ers needed. The three different word representations—Word2 Vee,
FastText, and TF-IDF—are integrated into the BiLSTM archi-
tecture to examine how several embedding paradigms affect the
sequential model performance. By comparing frequency-based
representations (TF-IDF) with semantically aware embeddings
(Word2Vec and FastText), this study isolates the contribution of
embedding richness in a fixed sequential modeling framework.
This design allows a clearer understanding of different perfor-
mances that happen due to the embedding strategy or basic model
architecture.

3.4. Modeling

After the dataset is cleared out from the preprocessing stage,
the dataset is then split 80:20; 80%, for model training and 20% for
new model testing. This fixed ratio is applied consistently to all
models to ensure the comparison and objective assessment of the
generalization ability. Then BERT and BiLSTM as deep learning
architectures ate evaluated. These two models are designed to do
binary dassification to determine whether the Indonesian Twit-
ter text is considered hate speech or not. The modeling strategy
is intentionally comparative, with all experiment variables being
guarded constantly, except the main modeling paradigm (contex-
tual transformer vs. sequential recurrent architecture) and input
representation strategy.

341 Mo RT

BERT 1s a deep learning model based on the transformer
structffef. Specifically, this model has been modified to under-
stand the overall context of a word in a sentence, not by receiving
input tokens in sequence like LSTM that are only able to pro-
cess the token one by one [33]. As a result of this design, BERT
uses “multi-head attention™ so tha parts of the input are able
to be read simultaneously. Hence, the model is able to accurately
understand the interpretation of the given words in each and every
context. It provides significant convenience in classifying hate
speech and takes explicit cues or sentiment from context. A BERT
architecture-based model (i.e., BERT with a case-mix version for

Table 1
Data processing stages

Tweet Stages Its
Case folding E‘l“)gamipresiden scra konstitusional hak setiap rakyat
woiii!!, gini nih kalo planga plongo tapi
#glgGaﬂliPresiden scra konstitusional Tokenizing [F2019°, “ganti’, “presiden’, “konstitusional’, ‘hak’, ‘rakyat’,

hak setiap rakyat woin!!. Gini nih kalo
planga plongo tapi kelakuan otoriter

Stopword removal

‘woill”, ‘nih’, ‘plonga’, ‘plongo’, ‘laku’, ‘otoriter’]

#gl‘)GanliPresiden scra konstitusional hak rakyat wouii!!.
Gini nih kalo planga plongo kelakuan otoriter
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multilanguage support) is used in this study. This model is highly
suitable for social media content analysis from languages with lim-
ited resources, since this model has been pre-trained to understand
several multilanguage contexts, including Indonesian, which often
contains a lot of noise and abbreviations.

The classification process starts with the WordPiece tok-
q:r‘ which is used to tokenize every tweet. In this stage, special
tokens [CLS] and [SEP] are positioned at the start and end of
the raw text. The next step is to rearrange the sequence into a
fixed-length numerical encoding that incorporates the embedding
token, segment, and position. Every token winds up as an array
of 768 numbers. The embedding is then forwarded through 12
layers of transformer encoders. This structure allows models to
build complex contextual representations by considering the syn-
tax of sentences and latent relationships between words across
the whole sequence. The [CLS] embedding is formed by adding
together the output of 12 layers simply by their weights, and then
the result will be treated as an average representation for further
analysis. To extract the final layer, the token corresponds to the
embedding [CLS] vector. % demonstrated in Figure 2, embed-
ding [CLS] is included in a dense layer (fully connected) with a
softmax activation function, doing binary classification to
provide a label to every tweet as hate speech or non-hate speech.
The model is trained by using loss cross-entropy function and
optimi ith AdamW. The training is done with a 2e-5 learn-
ing rate and a batch size of 32. The model is trained wit tal
of 10 epochs. Assessment techniques include conventional metrics

such as accuracy, precision, recall, Fl-score, and area under the
curve (AUC). In effect, this combination of architectural compo-
nents and exploitation of BERT’s contextual learning capabilities
enables the model to discern hate speech even in subtle cases such
as hidden allusions, slurs wrapped around humor, or languages
so stylized that one would not recognize them for sarcasm.

3.4.2. Model BILSTM

In this study, we use BILSTM as a sequential learning base
and test how well the transformer-based BERT model performs in
detecting hate speech. Unlike the usual LSTM, the text inplydin
BILSTM is processed in two directions at once: forward (from
left to right) and backward (from right to left). This bidirectional
model allows to capture contextual clues, whether preceding or
ensuing in the sentence, thereby enhancing its ability to bring
the chunks of semantic information. This is relevant for social
media text, which is usually informal, abbreviated, and very con-
text dependent. Regarding this matter, BILSTM is used to read
widel deeply into the local knowledge since it is able to con-
clude the meaning of each word in its surrounding context. So,
BiLSTM covers a wider information range compared to LSTM,
which allows it to differentiate linguistic nuance even if it is not an
idiom. Starting with the input sentence that has been preprocessed
and converted into a word vector by using one of these three tech-
niques, Word2Vec, FastText, or TF-IDF, the text classification
process with BILSTM can be further reflected in Figure 3. Each

Figure 2
Text classification process architecture using BERT
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Figure 3
BiLSTM modeling architecture for text classification
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of these three methods s as an input representation mode
and is chosen to examine the influence of different coding strategy
features on the model performance. The embedded tokens arfgflir-
ther inputted into two parallel rows of LSTM cells: one row from
left to right and the other from right to left. Each cell outputs the
current state for all tokens, and after combining by using concate-
nation, the forward hidden states and backward ones are able to
provide a more comprehensive word representation. To achieve a
fixed-length vector for classification, the token-level output is then
averaged (i.e., global average pooling) or chosen as a certain token
representation (i.e., middle or final token) and then forwarded
to the classification layer. The model input layer utilizes a stan-
dard classification design, consisting of a densely connected layer
with a softmax activation function. This design fur ovides a
obability score for our binary classification task to distinguish
n hate speech (label 1) and non-hate speech (label 0). The
model is trained by using a cross-entropy categorical loss func-
tion, combined with the Adam optimizer. For the consistency
of every embedding combination, it is necessary to maintain a
similar experimental setting in each testing. Fixed training con-
figuration is used: batch size of 32 and 10 iteration training. This
architecture 1s deliberately chosen so that the comparison between
BERT and BiLSTM models can be done as fairly and closely as
possible. By fixing all variables, except the main sequential mod-
eling method and embedding technique for inputs (whether it is
contextual or not), we are able to separate between contextual
model effect and non-contextual in classification performance
Accordingly, the study seeks to achieve two objectives: sub-
sidiarily (1), to depend on BiLSTM as a sequential learning model
for detecting hate speech and formalizing its intrinsic capabili-
ties, and mainly (2), to quantify the contribution that different
embedding strategies make within a minimized-resource, noisy
environment in an informal text context.
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3.5. Evaluation

This study chooses the co n matrix as the evaluation
strategy that the model follows. The dataset is divided into two
parts: 80% for training and the other used exclusively as test data
[34]. Specifically, for each instance in the test set of a model
trained on the training subset alone, the predicted label is com-
Qrcd to the corresponding ground-truth label for constructing
the confusion matrix; that is, true positives (TP), true negatives
(TN), false positives (FP), and false negatives (F tries follow.

The use of several complementary matrices ensures that the
evaluation is not only limited to overall accuracy but also includes
the ability to classify the class and mod ustness. These matters
are important and crucial to consider in detecting hate speech in
real-life social media.

4. Results and Discussion

Four candidate model classifications: BiLSTM-Word2Vec,

STM-FastText, BILSTM-TF-IDE, and BERT. In this paper,
a dataset is divided into 80% for training and 20%: for testing. This
allows us, with any of these models, to get hands-on experience
on how well they are trained. The BiLSTM configurations were
then trained batch by batch. The batch size was 32, and ea ta
point was added to it as one epoch went by. The purpose of this
study is to evaluate the performance of each model in classifying
hate speech by using a standardized matrix.

4.1. BiLSTM model evaluation—Word2Vec

Figure 4(a) shows the accuracy trend for 10-epoch training.
The accuracy is increasing steadily and exceeds 95 in the 9th
epoch. However, the accuracy of validation peaks between 78%
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Figure 4
Graph of accuracy model (a) and loss model (b) BiLSTM-Word2Vec
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g 80%, with minimal fluctuation toward the end of the epoch.
e widening gap between the accuracylyiNraining and validation
indicates that there is overfitting occurs, where the model performs
well on the training data but shows limited generalization abil-
ity on the unseen samples In Figure 4(b), training and validation
losses are depicted as corollaries. The training loss continued to
decrease throughout, which was consistent with the promise that
it couldn’t possibly be learning from the training set. After the
third epoch, however, validation loss rose, with a peak around
the seventh epoch. In validation, where the model no longer finds
refutations easy to come by, the rising trend of loss corrobo-
rates overfitting even more. Basically, this indicates that where the
unnatural patterns turn more extreme, complex, or difficult for
an overfitted model to reconstruct accurately from training data,
the probability of being wrong increases.

The model dassification effectivity is measured by the con-
fusion matrix. The assessment shows an accuracy level of 80.23%,
which indicates that most of the models are successful. With a
precision level of 80.4%, this model is suitable to minimize false
alarms. A recall level of 80.0% means that the model is accurate
in a lot of cases and successfully identifies the real hate speech.
Fl-score, which reflects the compromise between both values,
comes at 80.2%. The above matters indicate a good operational
balance. Moreover, this model has an AUC value of @&l has
also achieved an excellent separation between the two types of
samples—hate speech from non-hate speech. AUC is approach-
ing 1, its level with clear hues of blue and red—which means that
in this model, higher likelihood ratings for positive examples are

assigned consistently across threshold values. The idea cannot be
shaken by changes simply because its machine intelligence has one
single-pointed goal.

4.2. BILSTM model evaluation—FastText3

As shown in Figure 5(a), by the 9th epoch, the training accu-
racy gradually increases to more than 86%. On the other hand,
validation accuracy fluctuates and remains stubbornly stuck just
above 80%, indicating a mismatch between predictions of this
quantity (test set data) and what is expected therefrom.

In contrast, Figure 5(b) shows that the train loss continues
to decrease slowly while validation losses are briefly high peaks
followed by stabilization, a situation which indicates arbitrary
variability between learning patterns on validation set points and
training loss trends over time. In general terms, this case illus-
trates how one might still go about improving model validation
stability to stave off any possible further overfitting down the line.
The BILSTM-FastText model achieved an overall accuracy of
80.6% as evaluated using confusion matrix classification perfor-
mance, an adequate prediction capability. High-precision models
are shown by the fact that 79.6% of the predictions are positively
correct, while the incorrect predictions are minor, with relatively
low numbers.

With the recall value of 82.3%, we view this model as
factually capturing most of the hate speech cases correctly.
The Fl-score of 81.1% reflects the maintained balance between
two aspects, precision and recall. This indicates that in class

Figure 5
Graph of accuracy model (a) and loss model (b) BiLSTM-FastText
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prediction forecasting, models are in an effectively stable and
effec omain. The AUC for the model is (.88, which indi-
cates its effectiveness in differentiating hate speech from non-hate
speech. An AUC of nearly 1 indicates that models always provide
a high level of trust in TP at several threshold values, as a differen-
tiated attribute. In this matter, the difference to BiLSTM-FastText
as the on-par rival of transformers is minimal, even though the
approach is untidy.

4.3. BiLSTM model evaluation—TF-IDF

Figure 6(a) indicates that both the training and validation
accuracies remain stagnant at approximately 49-50% over 10
epochs, without any significant increase. This indicates that mod-
els do not capture the basic patterns in the data effectively. As
confirmed in Figure 6(b), both the training loss and validation
are almost kept stable along the epoch, indicating that since the
beginning, the process is unable to break out. This situation stands
for major underfitting, where even the training data cannot be
adequately fitted by the model, let alone generalizing to other
information. @

Performance analysis shows that the overall accuracy of the
BILSTM-TF-IDF model was 50.0%, which corresponds to ran-
dom guessing. A precision rate of 50.0% suggests that all positive
predictions are wrong, vet recall is 100.0% since the model classi-
fied all samples as positive. But this improved recall is illusory, as
the model does not fully recognize the negative class at all. Hence,
the resulting Fl-score of 66.7% emphasizes the imbalance that has
arisen from the inability to distinguish between categories.

Further indication that the BILSTM-TF-IDM model is not
better than random assignments in matters of performance is indi-
cated by the AUC score of 0.50. This result is the concrete proof
for classification tasks like ours, where standard language usage
rules are used to generate an embedding model and a BILSTM to
be applied in the particular embedding. Hence, we need a more
informative representation that is able to enhance the performance
level.

4.4. BERT model evaluation

As shown in Figure 7, training and validation losses are illus-
trated as above Within the training set, the training loss steadily
drops until it becomes close to zero, where the model has trained
strongly. However, the validation loss at just a few epochs onward

soon increases sharply and peaks in round 10. This trend suggests
overfitting, where the model learns the sample data by heart but
cannot generalize to see a new sample in long-term memory.

Even so, BERT is able to provide higher qualification results
compared to the BiLSTM-based architecture. The performance
results indicate that BERT consistently earned the highest scores
for all four performance indicators: 87.18% correct answers;
86.5% precision; 87.6% recall rate, the almost perfect score; and
87.1% Fl-score oft These numbers indicate a good balance in
detecting hate speech, yet minimizing both alarms and omis-
sions. Other than that, the model achi n AUC score of (.92,
indicating high capability to distinguish hate speech and non-hate
speech categories. A near-1 AUC score indicates that BERT con-
sistently gives a higher probability score for TP compared to FP.
Hence, this data confirms its effectivity in this study. Overall,
this result reflects the superiority of transformer-based architec-
ture compared to models that based by processing keywords and
phrases in English texts with tag, informal, and noisy in social
media. They further utilized the contextual embedding and atten-
tion mechanism to capture the soft semantic nuance from the
context that might be lost if only looking for the overall context
of a single word or phrase.

4.5. Comparison of model performance

To strengthen the comparative dimension of this study,
performance evaluation can also be done at two levels: (1) com-
parison between internally trained baseline models (BiLSTM with
different embeddings vs. BERT) and (2) comparison between our
best-perfor: model and established benchmarks from previ-
ous research on hate speech detection in Indonesia. As well as this
dual, we can easily understand if we make good modeling choices,
along with how the obtained results compared with literature.

As shown in Table 2, our BERT implementation achieves
the highest overall performance across all evaluation metrics.
Outperforming all BILSTM variants, our BERT implementation
achieves the highest score of any comparison in Table 2 among
the various methods tested.

Even though the BILSTM models with Word2Vec and
FastText embeddings achieved reasonable performance, with
approximately 80% accuracy, they were unable to fully capture
contextual aspects and the implicit meanings of the content. Inad-
equate learning and overfitting in the discriminator are the main
reasons why the TF-IDF variant performs poorly.

Figure 6
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Table 2
Performance of internally trained models
Model Accuracy (%) Recall (%) Precision (%) Fl-score (%)
BILSTM + Word2Vec 80.25 80.00 80.40 80.32
BILSTM + FastText 80.6 82.30 79.60 81.07
BiLSTM + TF-IDF 50.00 100.0 50.00 66.67
BERT 87.18 87.64 86.53 87.08

inrable 3, the results show that our BERT model out-
performs all methods previously applied to this dataset. But
the XAl-based algorithm method can also give (corrcm]tcr-
pretability and precision of 83%; by contrast, traditional machine
learning models such as the SVM and hybrid CNN-RNN just
perform basically well themselves, getting mixed results from 74%
to 86%. But BERT is always producing better prediction results:
its accuracy rate is 87.18%. @

This finding raises two points. First, from the point of view
of internal authentication, the transformer-based method is much
better than all sequential BILSTM baseline systems presented in
this article, which were created for the study—especially in terms
of dealing with colloquial expressions, sarcasm, or abbreviations.

Second, our BERT results illustrate the importance of
contextual embedding and self-attention mechanisms in textual
features for explaining hate speech within an informal, resource-
scarce linguistic environment, outperforming both the classical

Table 3
Comparison with previously reported models
Model/method Accuracy (%) Reference
SVM (baseline 7488 [3] Hana et al.
klasik) (2020)
Hybrid CNN-RNN 86.30 [2] Riyadi et al.
(2023)
XAl-based model 83.30 [35] Ibrahim et al.
(XGBoost) (2022)
BERT 87.18 This study

model and trade in external validation when compared to the
previous studies” results.

4.6. Discussion

According to previous studies, the BERT model performs
better than BiLSTM in recognizing hate speech, especially on the
Indonesian internet and Twitter as a social media platform.
This matter aligns with the hypothesis in the Introduction that
transtormer-based models like BERT are able to do two impor-
tant matters in text processing: handling long-range dependencies
and in-depth language understanding. BERT accuracy of 87.18%
(AUC: 0.92) for hate speech classification is in line with prior
research, proving that the transformer-based model is superior in
coping with natural language nuance and semantics compared
to other methods [22]. In a language environment that has high-
standard resources (i.e., English), transformer-based approaches
including BERT indicate a strong performance in detecting hate
speech, supported by large-scale pre-training corpus and richer
linguistic resources [23]. According to Kusuma and Chowanda
[24], the combination of BiLSTM and IndoBERTweet is able
to elevate classification performance all the way up to 93.7%. It
shows that for NLP in Indonesia, a model that can be sensitive
to the characteristics of that particular language is highly needed.
The performance gap between these results and this study’s find-
ings demonstrates that the availability of linguistic resources and
domain adaptation is crucial in determining BERT effectivity
in a multiple-language environment. The operated STM still
works well even though outperformed by BERT. This result is
consistent with the survey conducted by Ghozali et al. [21], who
found that the use of the BiLSTM model with synonym-based
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feature expansion resulted in higher accuracy However, RNN-
based models are usually unable to capture implicit context or
hidden hate speech. This limitation is highlighted in the social
media context with limited and noisy resources, where informal
syntax, code-mixing, and creative language usage reduce the effec-
tivity of sequential modeling. Specific domain embedding of hate
speech detection has been shown time and again in the literature
to be essential for accuracy. Saleh et al. find that incorporating
domain-specific embedding in the model can assist in obtaining
indirect hate speech ramitications. This is significant because peo-
ple often use euphemisms and abbreviations to mask hate speech
s0 as to avoid automated screening systems [23]. Explainability is
crucial for hate speech detection systems, as Ibrahim et al. [35]
reported. Even if BERT is considered high in accuracy, this model
remains to be the “black box.” To win the trust of users to the
system, future development should consider the integration with
Explainable Al (XAI) models, such as LIME.

One of the study developments for this research is to retrain
the Indonesian BERT model to be wider and more representative,
as done by IndoBERTweet [36]. Moreover, as also demonstrated
by Perifanos and Goutsos [37], a multimodal approach between
text input and images is a promising future direction, which may
allow us to be more confident in detecting hate speech and facing
the endless stream of new negative contents.

Furthermore, from this research, practical applications are
expected, such as a content management system in Indonesian
social media who utilizing hate speech classifier with BERT-based
as the backbone to examine the content before being published.
However, the application of this matter in a low-source environ-
ment requires careful validation in several linguistic and cultural
contexts to determine the bias and inaccuracy [38]. Hence, further
future research is needed.

As a result, this study provides empirical evidence regarding
the adaptation ability of BERT-based models while shifting from
a standard with a high-resourced language environment into an
informal and low-resourced social media context. This might be
the starting point in detecting hate speech precisely, openly, and
adaptively, which is able to follow the rapid changes of language
in social media.

5. Conclusion

This stud pared the effectivity of the BERT model
with BiLSTM m identifying hate speech in Indonesian social
media, specifically Twitter. The result shows that BERT outper-
forms BILSTM in all evaluation matrices with better judgment
ability,. With an accuracy of 87.18% for BERT, 87.80% above
the closest rival, BILSTM. The performance of BERT can be
scored higher since its detailed understanding of the context of
sentences through context-based representation and self-attention
mechanism. Object of Paper: the main contribution is to provide
comparative analysis from two well-known deep leaming tech-
niques in Indone LF, which to date have not been researched
adequately. This study also highlights the importance of choos-
ing the best representation technique and giving perspective on
the effectivity on transformer-based approach in classifying text
by using social media data.

However, this study still has several limitations. First, data is
only obtained from one source (Twitter), so the findings may not
reflect the same on other platforms such as Facebook or Insta-
gram. Second, the used BERT model is not fully adapted with
informal language’s structure, which is very typical in Indone-
sian social media (e.g., IndoBERTweet), so this matter needs to

10

43
be further researched. Furthermore, Qultirncdal approach that
combines text and visual elements needs to be developed to detect
hate speech that spreads in im#{e§ or memes In conclusion, XAl
techniques must be integrated to enhance the transparency, trust,
and credibility of the model output that is provided to users.
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