
 
834 

 
  

Available online at website: https://jurnal.iaii.or.id/index.php/RESTI 

 

JURNAL RESTI 
(Rekayasa Sistem dan Teknologi Informasi) 

    Vol. 10 No. 3 (2026) 834 - 842                                        e-ISSN: 2580-0760 

An Applied Evaluation of Multi-Label Hate Speech Detection  
for Indonesian Digital Platforms 

Dwija Wisnu Brata1,2, Arif Djunaidy3*, Daniel Siahaan1, Edio da Costa4 
1Department of Informatics, Institut Teknologi Sepuluh Nopember, Surabaya, Indonesia  

2Department of Information System, Brawijaya University, Malang, Indonesia 
3Department of Information Systems, Institut Teknologi Sepuluh Nopember, Surabaya, Indonesia  

4Department of Computer Science, School of Engineering and Science, Dili Institute of Technology, Dili, Timor-Leste 
*arif.djunaidy@its.ac.id 

 
Abstract 
The rapid growth of user-generated content on digital platforms has increased the difficulty of moderating hate-related 
expressions, particularly in linguistically diverse environments such as Indonesian social media. Automated hate speech 
detection systems are therefore expected to operate not only with reliable predictive behavior but also with practical efficiency 
under large-scale deployment conditions. This study reports an applied evaluation of Transformer-based models for multi-
label hate speech detection on Indonesian digital platforms. Rather than introducing a new classification architecture, the 
work focuses on assessing multiple pretrained language models within a unified and reproducible evaluation framework. The 
analysis examines overall model behavior, per-label performance tendencies, inference efficiency, and common error patterns 
under realistic multi-label settings. The results indicate that IndoBERT-based models (indobenchmark/indobert-base-p1 and 
cahya/bert-base-indonesian) achieved the strongest predictive performance for multi-label hate speech detection, although 
performance differences across the evaluated Transformer models remained relatively incremental. Experimental results show 
that the best-performing model achieved a macro-F1 score of 0.9742 and a micro-F1 score of 0.9749, while other Transformer 
models demonstrated competitive performance with macro-F1 values ranging from 0.955 to 0.964. In terms of efficiency, 
distilled models provided faster inference (approximately 5–7 ms per sample) compared to full-size models (8–11 ms per 
sample), highlighting a practical trade-off between predictive performance and computational cost. These findings emphasize 
the importance of practical evaluation strategies and suggest that flexible model configurations are more suitable than reliance 
on a single high-capacity model in real-world moderation systems.  
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1. Introduction  

The rapid expansion of digital communication 
platforms has fundamentally transformed how 
information is produced, disseminated, and consumed. 
Alongside their social and economic benefits, these 
platforms have also intensified the spread of hate-
related content, posing persistent challenges to content 
governance and social cohesion, particularly within the 
Indonesian digital environment [1]. The scale and 
immediacy of user-generated content, such as hate 
speech, require moderation mechanisms that can 
operate continuously under high-volume conditions 
without sacrificing reliability. Research on hate speech 
detection over the past five years has shown a 

significant shift from binary classification approaches 
toward multi-level and multi-label methods that are 
better able to capture the complexity of hateful 
expressions.  

Empirical analyses of online discourse indicate that hate 
speech and abusive expressions remain prevalent on 
social media platforms despite the implementation of 
platform-level policies and automated filtering 
mechanisms [2]. This persistence suggests that 
moderation challenges are not solely the result of 
insufficient regulation or enforcement. Instead, they are 
also shaped by technical limitations in detection 
systems that must handle informal language, evolving 
expressions, and diverse communicative contexts. 

https://doi.org/10.29207/resti.v10i3.7591
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From a broader research perspective, automated hate 
speech detection has been widely studied using natural 
language processing techniques. Survey-based analyses 
report steady methodological progress, while also 
emphasizing that hate speech detection remains 
inherently difficult due to linguistic variability, 
contextual dependency, and annotation subjectivity 
across datasets and platforms [3]. These characteristics 
make generalization across domains and languages 
particularly challenging. 

From an engineering standpoint, manual moderation is 
no longer feasible for large-scale digital platforms, 
leading to increased reliance on automated content 
moderation systems [4]. Such systems are expected to 
process large volumes of content under strict latency 
and throughput constraints. Consequently, moderation 
solutions must be designed with equal attention to 
detection quality and operational efficiency. 

In operational settings, hate-related expressions rarely 
conform to a single, clearly defined category. Abusive 
content often spans multiple dimensions, including 
target type, contextual framing, and degrees of severity, 
which complicates straightforward classification 
strategies [5]. This multi-dimensional nature introduces 
ambiguity that is difficult to capture using simplified 
modeling assumptions. 

Additional limitations arise from the long-tail 
distribution of hate speech categories in real-world data. 
Empirical findings show that infrequent and context-
dependent forms of hate are consistently harder to 
detect, even when overall performance metrics appear 
strong [6]. This imbalance-driven behavior reduces 
robustness and highlights the need for evaluation 
settings that better reflect realistic moderation 
scenarios. 

Recent advances in Transformer-based language 
models have led to substantial improvements in text 
classification tasks, including hate speech and abusive 
language detection [7]. In the Indonesian language 
context, both language-specific and multilingual 
pretrained models have demonstrated strong 
representational capability across a range of 
downstream natural language processing applications 
[8]. These developments have encouraged the adoption 
of Transformer-based architectures in moderation-
related research. 

However, much of the existing literature continues to 
prioritize predictive accuracy as the primary evaluation 
objective. System-level considerations such as 
inference efficiency, training stability, and 
computational cost are often treated as secondary 
factors, despite their importance in real-world 
deployment environments [9]. In large-scale 
moderation systems, these factors directly influence 
throughput, scalability, and long-term operational 
viability. 

In practice, performance differences among high-
capacity language models are frequently modest, 

whereas variations in inference latency and resource 
consumption can have a substantial impact on system 
behavior [10]. Small differences in processing time may 
accumulate significantly when models are deployed at 
scale. This makes efficiency-aware evaluation essential 
from an applied systems perspective. 

Despite recent advances in Transformer-based hate 
speech detection, comprehensive evaluations that 
jointly examine predictive performance and 
computational efficiency under consistent experimental 
conditions remain limited, particularly for multi-label 
hate speech detection in Indonesian-language data [11]. 
This limitation restricts the ability to derive system-
level insights that are directly applicable to real-world 
deployment. Consequently, model selection in existing 
studies is often driven primarily by benchmark 
accuracy, with insufficient consideration of operational 
constraints such as inference latency and resource 
efficiency.  

Furthermore, the practical integration of models with 
varying capacity and efficiency characteristics into 
moderation pipelines has received relatively little 
attention. Prior studies have shown that implicit and 
explicit forms of abusive language exhibit distinct 
detection patterns, which introduce additional 
complexity in system design for real-world applications 
[12]. Without a systematic evaluation of these factors, 
deployed moderation systems may fail to align with 
actual usage requirements and operational conditions.  

In response to these challenges, this study presents an 
applied evaluation of Transformer-based models for 
multi-label hate speech detection on Indonesian digital 
platforms. Existing works have demonstrated the 
effectiveness of Transformer architectures in abusive 
language detection. For example, Mozafari et al. [7] 
showed that BERT-based transfer learning significantly 
improves performance in multilingual settings, while 
Vidgen and Derczynski [2] highlighted the critical role 
of dataset quality and annotation strategies. In the 
Indonesian context, the dataset introduced by Ibrohim 
and Budi [13] has become a widely adopted benchmark 
for multi-label hate speech detection.  

However, despite these developments, most prior 
studies predominantly emphasize classification 
accuracy, with limited attention to system-level factors 
such as inference efficiency, runtime latency, and 
deployment feasibility. In large-scale moderation 
systems, these factors are equally critical as predictive 
performance, as they directly affect scalability and 
operational viability. Therefore, a systematic evaluation 
that jointly considers predictive behavior and efficiency 
characteristics is necessary to support practical 
deployment decisions.  

Rather than proposing a new classification architecture, 
this study evaluates multiple pretrained Transformer-
based language models within a unified and controlled 
experimental framework. The analysis focuses on 
system-relevant aspects, including per-label 
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performance, inference efficiency, and accuracy-
latency trade-offs, with the goal of supporting informed 
model selection and deployment strategies in large-
scale moderation environments. 

2. Methods 

2.1 Framework Overview 

This study adopts an applied intelligent framework to 
evaluate multi-label hate speech detection models under 
consistent and deployment-oriented settings. Rather 
than introducing a new classification architecture, the 
framework is designed to enable systematic and 
reproducible comparison across multiple Transformer-
based language models. The emphasis is placed on 
system-level evaluation, including consistency, 

operational relevance, and deployment feasibility. This 
design ensures comparability across models by 
maintaining consistent preprocessing, training, and 
evaluation procedures. Consequently, the evaluation 
outcomes reflect system-level behavior and 
deployment-oriented characteristics rather than 
variations introduced by experimental configuration. 

The overall framework pipeline is illustrated in Figure 
1, which depicts the end-to-end processing stages from 
raw text input to multi-label prediction outputs. The 
pipeline consists of four main components: dataset 
preparation, text preprocessing, model fine-tuning, and 
evaluation. This structure follows common practices in 
Transformer-based natural language processing, where 
pretrained models are adapted to downstream tasks 
through controlled fine-tuning procedures [14]. 

 

Figure 1. Applied Intelligent Framework for Multi-Label Hate Speech Detection 

To support multi-label learning under realistic 
moderation conditions, the framework incorporates 
label-aware training and threshold-based prediction 
strategies. Class imbalance is addressed during training 
through weighted loss functions, while decision 
thresholds are applied at the prediction stage to 
accommodate overlapping labels. These design choices 
ensure that the evaluation setting aligns with 
operational moderation scenarios rather than simplified 
benchmark conditions. 

2.2 Dataset Preparation 

The dataset used in this study consists of 52,252 
Indonesian-language social media posts collected from 
Twitter (now known as X). The corpus was constructed 
by combining the publicly available Multi-Label 
Indonesian Twitter Hate Speech dataset developed by 
Ibrohim and Budi [13] with additional tweets obtained 
through further crawling. The initial dataset, retrieved 
from the UCI Machine Learning Repository[15], 
contained 13,169 Indonesian-language tweets 
annotated for hate speech and abusive content. In this 

study, the dataset was expanded with 39,083 newly 
collected tweets, resulting in a total of 52,252 instances. 
The additional tweets were gathered through targeted 
crawling of public Twitter conversations, followed by 
manual filtering to ensure contextual relevance 
(Indonesian language, Twitter discourse context, and 
removal of duplicates). Manual annotation was 
conducted using the same multi-label schema as 
Ibrohim and Budi [13] to maintain consistency. Each 
instance may be associated with more than one label, 
reflecting the overlapping and multifaceted nature of 
abusive expressions commonly observed in online 
platforms, and this multi-label structure allows a single 
post to represent compound moderation violations. 

The definitions of the hate speech categories and their 
corresponding data distributions are summarized in 
Table 1. The label set captures multiple dimensions of 
abusive content, including general hate indicators, 
target types, and severity levels. This structure supports 
more realistic modeling of moderation requirements 
compared to single-label formulations. 
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Table 1. Definition of Multi-Label Hate Speech Categories 

Label Label Frequency 
(%) Description 

HS 42.23 General hate or 
abusive language 

Abusive 38.29 Offensive but non-hate 
expression 

HS_Individual 27.15 Targets specific 
individuals 

HS_Group 15.08 Target groups or 
communities 

HS_Religion 6.02 Based on religious 
identity 

HS_Race 4.3 Based on race or 
ethnicity 

HS_Physical 2.45 Refers to physical 
traits or disabilities 

HS_Gender 2.32 Based on gender or 
sexual identity 

HS_Other 28.4 Ambiguous or mixed 
expressions 

HS_Weak 25.69 Mild hate intensity 

The dataset used in this study is derived from the Multi-
label Indonesian Twitter Hate Speech Dataset available 
through the UCI Machine Learning Repository. The 
data are partitioned into training, validation, and testing 
subsets using an 80:10:10 ratio to ensure sufficient 
representation for model learning, intermediate 
validation, and final evaluation [11]. The validation set 
is used to monitor model performance during training 
and to maintain consistency across experiments, while 
the testing set is reserved for the final evaluation of 
model generalization [11]. All models are trained using 
the same optimization settings to ensure a fair and 
controlled comparison. Under this experimental design, 
observed performance differences can be attributed 
primarily to model architecture and representational 
capacity, rather than variations introduced by model-
specific tuning procedures [11]. To prevent information 
leakage, duplicate entries are removed independently 
within each subset after the data splitting process, 
ensuring that identical samples do not appear across 
training and testing data. This approach follows 
established practices in supervised multi-label learning 
and supports reliable and unbiased evaluation [11]. 

2.3 Text Preprocessing 

Text preprocessing is conducted using standard 
procedures commonly applied in Transformer-based 
text classification tasks. The preprocessing pipeline 
includes text normalization, case folding, and removal 
of non-informative symbols, followed by subword 
tokenization aligned with each pretrained language 
model. These steps aim to reduce noise while 
preserving the semantic structure of the original text. 

URLs, user mentions, and platform-specific tokens are 
normalized to generic placeholders to improve 
robustness across diverse input patterns [16]. No 
explicit data augmentation or synthetic oversampling 
techniques are applied at the preprocessing stage. This 
decision avoids introducing artificial patterns that could 
distort the original linguistic characteristics of the 
dataset [16]. 

Instead of modifying the data distribution, 
considerations related to class imbalance are addressed 
during training and evaluation. This approach preserves 
annotation consistency and supports analysis under 
conditions that closely resemble real-world moderation 
data, where imbalance is inherent and unavoidable [11]. 

2.4 Model Configuration and Fine-Tuning 

Several pretrained Transformer-based language models 
are evaluated within the proposed framework to 
examine trade-offs between representational capacity 
and computational efficiency. All models are fine-tuned 
under identical training configurations to ensure fair 
and reproducible comparison across architectures. The 
use of uniform optimization settings allows observed 
differences in performance and efficiency to be 
attributed to model characteristics rather than 
experimental variation. 

The evaluated models and their corresponding training 
configurations are summarized in Table 2. The model 
set includes both multilingual Transformer 
architectures and Indonesian-specific pretrained models 
to reflect realistic deployment options in heterogeneous 
moderation environments. Fine-tuning follows standard 
practices for adapting pretrained Transformer models to 
downstream classification tasks, including supervised 
optimization of task-specific output layers [17]. 

Table 2. Summary of Transformer-based language models  

Model Description 
indobenchmark/indobert-
base-p1 

Indonesian BERT model trained 
on Wikipedia and news corpora 
using SentencePiece tokenizer [8] 

indolem/indobert-base-
uncased 

IndoBERT model further 
pretrained and evaluated using the 
IndoLEM benchmark [14] 

cahya/bert-base-
indonesian 

Indonesian BERT trained on large 
web corpora [16] 

google-bert/bert-base-
multilingual-uncased 

Multilingual model covering 104 
languages [15] 

distilbert-base-uncased Distilled version of BERT for 
faster inference [10] 

distilbert-base-
multilingual-cased 

Compact multilingual model 
preserving capitalization [10] 

Training is performed using a binary cross-entropy loss 
function adapted for multi-label classification, which 
enables independent optimization of overlapping labels 
while maintaining stable convergence behavior. In 
addition to multilingual representations, the framework 
incorporates Indonesian-specific pretrained models that 
are trained on large-scale local corpora and 
benchmarked for Indonesian natural language 
understanding tasks [18]. The inclusion of such models 
aims to better capture linguistic characteristics of 
Indonesian online discourse, including informal and 
context-dependent expressions commonly found in 
social media data [19]. 

To ensure consistent and reproducible training across 
all evaluated models, a fixed set of hyperparameters is 
applied during the fine-tuning process. These 
hyperparameters are selected based on commonly 
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adopted practices in Transformer-based text 
classification tasks and are kept identical across all 
models to ensure a fair and controlled comparison. This 
configuration is designed to balance training stability, 
computational efficiency, and generalization capability, 
while minimizing variability introduced by model-
specific tuning. 

All models are fine-tuned using the AdamW optimizer 
with a learning rate of 2 × 10-5. Batch sizes of 16 and 32 
are employed to analyze the trade-off between 
computational efficiency and gradient stability. The 
maximum sequence length is varied across 64, 128, and 
256 tokens to capture different levels of contextual 
information. The models are trained for a fixed number 
of epochs under identical training conditions. 
Regularization techniques, including dropout (0.1) and 
weight decay (0.1), are applied to reduce overfitting and 
improve model generalization. Binary cross-entropy 
loss is used to support multi-label classification, with a 
sigmoid activation function in the output layer. A fixed 
decision threshold of 0.5 is applied to convert predicted 
probabilities into label assignments. 

No extensive hyperparameter tuning is performed in 
this study, as the primary objective is to evaluate model 
behavior under consistent experimental conditions. 
This design ensures that observed performance 
differences are primarily influenced by model 
architecture rather than optimization strategies. 

2.5 Evaluation 

Model performance is evaluated using the macro-
averaged F1 score as the primary metric. This metric 
assigns equal importance to each label and is 
particularly suitable for imbalanced multi-label 
classification problems, where rare categories may 
otherwise be overshadowed by dominant labels [11]. 
Macro-level evaluation supports analysis of system 
behavior across diverse moderation criteria. The 
validation set is used during training to monitor model 
performance and ensure consistent learning behavior 
across all evaluated models, while the testing set is 
reserved exclusively for final evaluation. 

Micro-averaged F1, precision, and recall are also 
computed to provide complementary perspectives on 
overall performance. These metrics reflect aggregate 
system behavior and are commonly used in operational 
moderation settings to assess throughput-oriented 
effectiveness. Together, the selected metrics support 
balanced evaluation of predictive performance and 
robustness. No performance results or visualizations are 
presented in this section. All empirical findings are 
reported in the Results and Discussion section to 
maintain a clear separation between methodology and 
evaluation outcomes. 

2.6 Implementation Details 

All experiments are implemented using PyTorch 
version 2.0.1 in conjunction with the Hugging Face 
Transformers library version 4.42 [20]. This software 

stack supports efficient fine-tuning and evaluation of 
Transformer-based language models and is widely 
adopted in applied machine learning research. Training 
and evaluation are conducted in a cloud-based GPU 
environment equipped with an NVIDIA T4 GPU with 
16 GB of VRAM. Hardware configuration is kept 
consistent across experiments to ensure comparability 
of runtime-related observations. Unless explicitly stated 
otherwise, all hyperparameter values remain fixed 
across models to isolate the effects of model 
architecture on observed performance. The validation 
subset is used during training for intermediate 
performance monitoring and training stability 
assessment. 

3. Results and Discussions 

3.1 Overall Multi-Label Classification Performance 

The overall multi-label classification performance of 
the evaluated Transformer-based models is summarized 
in Table 3. The table reports macro-averaged and 
micro-averaged F1 scores under a standardized 
experimental configuration. These metrics provide a 
balanced view of predictive effectiveness and system-
level behavior. 

Table 3. Multi-Label Classification Performance of Transformer-
Based Models 

Model Macro-F1 Micro-F1 
indobenchmark/indobert-
base-p1 

0.9742 0.9749 

indolem/indobert-base-
uncased 

0.9562 0.9591 

cahya/bert-base-indonesian 0.9715 0.9719 
google-bert/bert-base-
multilingual-uncased 

0.9551 0.9551 

distilbert-base-uncased 0.9590 0.9591 
distilbert-base-multilingual-
cased 

0.9640 0.9645 

Across all evaluated models, micro-average F1 scores 
are consistently higher than macro-averaged scores. 
This pattern reflects the influence of dominant labels in 
the dataset and is commonly observed in imbalanced 
multi-label classification settings. Macro-averaged 
metrics therefore offer a more informative indication of 
model behavior on less frequent hate speech categories, 
which are often more relevant from a moderation 
perspective [21]. 

Performance differences among the evaluated models 
remain relatively modest. Language-specific models 
pretrained on Indonesian corpora tend to achieve 
slightly higher macro-level scores, but the margins are 
limited. This observation aligns with prior findings that 
improvements in aggregate performance metrics do not 
necessarily translate into substantial gains in robustness 
across all hate speech categories [22]. 

From an applied system perspective, the results in Table 
3 indicate that reliable multi-label hate speech detection 
can be achieved using multiple Transformer 
configurations. Rather than identifying a single 
dominant model, the findings suggest that system 
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designers may prioritize operational constraints, such as 
latency and resource availability, without substantially 
compromising predictive performance. 

To further assess the robustness of the evaluated 
models, the potential risk of overfitting is examined 
through performance consistency on a held-out testing 
dataset. As shown in Table 3, the macro-F1 scores 
across different Transformer architectures remain 
within a relatively narrow range, indicating stable 
generalization behavior under the applied experimental 
setting. The relatively narrow performance range across 
evaluated models suggests comparable generalization 
behavior under the applied experimental setting. 

In addition, regularization techniques such as dropout 
(0.1) and weight decay (0.1) are incorporated during 
training to improve generalization and reduce 
overfitting risk. It is important to note that, while these 
observations indicate stable generalization, the analysis 
is limited because evaluation was conducted using a 
fixed train-validation-test split. Future work may 
incorporate cross-validation or additional validation 
strategies to provide a more comprehensive assessment 
of model generalization. Nevertheless, under the 
controlled experimental setting adopted in this study, 
the results suggest a balanced trade-off between model 
complexity and generalization capability. 

3.2 Per-Label Performance Analysis 

The per-label performance of the evaluated models is 
summarized in Table 4, which reports F1 scores for 
each hate speech category under the multi-label 
evaluation setting. This analysis provides insight into 
how predictive behavior varies across different target 
types and severity levels. Such variation is expected in 
moderation tasks where labels differ in frequency, 
linguistic realization, and contextual dependency. 

Table 4. F1-Score Distribution Across Hate Speech Categories 

Label Category F1-score 
Hate Speech (HS) 0.993 
Abusive 0.991 
Target: Individual (HS_Individual) 0.991 
Target: Group (HS_Group) 0.990 
Target: Religion (HS_Religion) 0.994 
Target: Race (HS_Race) 0.992 
Target: Gender (HS_Gender) 0.993 
Target: Physical (HS_Physical) 0.981 
Other / Ambiguous (HS_Other) 0.883 
Severity: Weak (HS_Weak) 0.945 
Severity: Moderate (HS_Moderate) 0.942 
Severity: Strong (HS_Strong) 0.982 

Labels associated with explicit abusive expressions and 
frequently occurring targets exhibit consistently higher 
F1 scores across models. These categories typically 
contain clearer lexical and syntactic cues, making them 
easier to learn under supervised training. Similar 
observations have been reported in prior studies on hate 
speech and abusive language detection, where explicit 
forms of abuse are generally more reliably detected than 
implicit ones [21]. 

In contrast, labels related to implicit hate, ambiguous 
targeting, and lower-frequency categories tend to show 
reduced recall. These cases often rely on contextual 
inference, sarcasm, or culturally specific references 
rather than overt offensive terms. Previous empirical 
analyses have highlighted that such implicit expressions 
remain challenging for text-only classification models, 
particularly in imbalanced and noisy social media data 
[22]. 

Another factor contributing to per-label variation is the 
presence of overlapping annotations within the multi-
label scheme. Individual instances may simultaneously 
express multiple targets or severity levels, increasing 
classification complexity. Models may correctly 
identify one dimension while failing to capture others, 
leading to partial predictions that are penalized in per-
label evaluation, a behavior also observed in large-scale 
abusive language datasets [23]. 

From an applied moderation perspective, these per-
label performance patterns suggest that automated 
systems are more reliable for detecting overt and 
commonly expressed forms of abuse. Conversely, 
nuanced cases involving implicit intent or overlapping 
violations require additional handling mechanisms 
beyond standalone model predictions. Prior work 
indicates that such limitations are more effectively 
addressed through system-level strategies, including 
confidence-based filtering and selective human review, 
rather than purely architectural modifications [24]. 

3.3 Model Comparison from an Efficiency Perspective 

The trade-off between classification performance and 
inference efficiency across the evaluated models is 
illustrated in Figure 2. The figure relates macro-
averaged F1 scores to average inference latency 
measured under a consistent experimental setup. This 
representation provides a system-oriented view of 
model suitability for deployment under different 
operational constraints. 

 
Figure 2. Trade-off between classification performance and 

inference latency 

As shown in Figure 2, full-size Transformer models, 
indicated by blue markers, generally achieve slightly 
higher macro-level performance at the cost of increased 
inference latency. These models include Indonesian-
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specific BERT variants and the multilingual BERT-
base model, each containing approximately 110 million 
parameters. Similar trade-offs between representational 
capacity and computational overhead have been widely 
reported in studies examining Transformer deployment 
in resource-constrained environments [25]. 

In contrast, distilled Transformer variants, represented 
by red markers, demonstrate noticeably lower inference 
latency while maintaining competitive macro-average 
performance. By reducing the parameter count to 
approximately 66 million through knowledge 
distillation, these models achieve faster inference with 
limited degradation in classification effectiveness. Prior 
work has shown that such compression techniques are 
particularly beneficial for large-scale text processing 
systems where throughput and responsiveness are 
critical [26]. 
A closer inspection of runtime behavior reveals 
systematic latency differences among individual 
models. IndoBERT processes inputs at an average 
latency of approximately 10.05 ms, while the IndoLEM 
IndoBERT and Cahya Indonesian BERT models 
exhibit average latencies of around 8.29 ms and 9.90 
ms, respectively. The multilingual BERT-based model 
operates at a comparable latency of approximately 9.88 
ms, whereas DistilBERT and multilingual DistilBERT 
achieve faster inference times of approximately 7.51 ms 
and 5.78 ms, respectively. 

From an applied systems perspective, these efficiency–
performance trade-offs support flexible deployment 
strategies rather than a single optimal configuration. 
Lightweight distilled models are well suited for latency-
sensitive or resource-constrained environments, while 
full-size language-specific models remain appropriate 
for secondary analysis of ambiguous or high-risk 
content. Such tiered or cascading moderation 
architectures have been recommended in prior work as 
an effective means of balancing throughput, accuracy, 
and operational cost in real-world moderation systems 
[27]. 

3.4 Error Patterns and Prediction Behavior 

An analysis of prediction errors reveals that 
misclassifications are primarily driven by linguistic 
ambiguity and the inherent complexity of multi-label 
hate speech expressions. Unlike aggregate metrics, 
error-level inspection highlights how models behave 
when confronted with subtle, context-dependent 
language commonly found in social media discourse. 
These observations provide insight into practical 
limitations that are not immediately visible from overall 
performance scores. 

One prominent source of error arises from implicit or 
indirect expressions of hate. Content that conveys 
derogatory intent through sarcasm, metaphor, or coded 
language frequently lacks explicit lexical cues, leading 
to under-prediction of hate-related labels. Similar 
challenges have been reported in large-scale analyses of 

abusive behavior, where implicit hate consistently 
proves more difficult to detect than overt forms [28]. 

Another recurring error pattern is associated with 
overlapping labels within the multi-label annotation 
scheme. Posts that simultaneously reference multiple 
targets or combine target and severity dimensions may 
result in partial predictions, where only a subset of 
relevant labels is identified. Prior work has shown that 
such behavior is common in datasets with fine-grained 
annotation schemes and reflects limitations in capturing 
complex relational semantics using text-only models 
[29]. 

False positive predictions are most often observed in 
content that exhibit strong sentiment without explicit 
hateful intent. Heated political discussions or 
emotionally charged personal opinions may trigger 
hate-related predictions due to surface-level intensity 
rather than genuine abuse. Studies on offensive 
language detection have similarly noted that heightened 
sensitivity can increase false positives, reinforcing the 
need for confidence-aware thresholds and selective 
human review in applied moderation systems [30]. 

3.5 Discussion Summary and Practical Implications 

This study provides an applied evaluation of 
Transformer-based models for multi-label hate speech 
detection on Indonesian digital platforms, with 
emphasis on system-level behavior rather than 
architectural novelty. Across overall performance, per-
label analysis, efficiency trade-offs, and error patterns, 
the results demonstrate that reliable detection can be 
achieved using multiple model configurations under 
consistent evaluation settings. The findings highlight 
that differences among models are generally 
incremental and must be interpreted in relation to 
operational requirements. 

From a performance perspective, the analysis shows 
that strong aggregate metrics do not necessarily imply 
uniform robustness across all hate speech categories. 
Explicit and frequently occurring forms of abuse are 
detected more reliably, while implicit, context-
dependent, and overlapping violations remain 
challenging. These patterns reflect realistic moderation 
conditions and underscore the importance of per-label 
analysis when assessing system readiness for 
deployment. 

The efficiency-oriented evaluation further emphasizes 
that deployment suitability depends not only on 
predictive accuracy but also on inference latency and 
computational cost. Distilled models offer practical 
advantages for high-throughput or latency-sensitive 
environments, while full-size language-specific models 
remain relevant for scenarios requiring deeper semantic 
analysis. This trade-off supports flexible deployment 
strategies in which model selection is guided by system 
constraints rather than marginal performance 
differences alone. 



Brata et al            Jurnal RESTI Vol. 10 No. 3 (2026) 
 

 
                                                                                 841 

 

Taken together, the results suggest that effective hate 
speech moderation is best approached as a system 
design problem rather than a single-model optimization 
task. Practical moderation systems benefit from 
modular and tiered architectures that combine 
automated detection with confidence-aware decision 
mechanisms and selective human oversight. These 
insights provide a system-oriented foundation for 
designing scalable and deployment-ready hate speech 
detection frameworks for Indonesian digital platforms 
and naturally motivate the conclusions discussed in the 
following section. 

4. Conclusions 

This study conducted an applied evaluation of 
Transformer-based models for multi-label hate speech 
detection on Indonesian digital platforms, with 
emphasis on system-level performance and deployment 
readiness. By using a unified experimental framework, 
the evaluation examined overall predictive behavior, 
per-label performance characteristics, inference 
efficiency, and error patterns under realistic multi-label 
conditions. 

The results show that IndoBERT-based models 
(indobenchmark/indobert-base-p1 and cahya/bert-base-
indonesian) provide the most stable performance for 
multi-label hate speech detection on Indonesian digital 
platforms, while other Transformer configurations are 
also capable of supporting reliable detection. 
Performance differences across models are generally 
incremental, while efficiency-related factors such as 
inference latency introduce more pronounced practical 
implications. Language-specific models demonstrate 
strong representation of Indonesian hate speech 
patterns, whereas distilled models provide competitive 
performance with substantially improved efficiency, 
making them suitable for high-throughput moderation 
scenarios. 

From a system design perspective, these findings 
indicate that effective hate speech moderation does not 
depend on a single high-capacity model. Instead, 
deployment-ready moderation systems benefit from 
flexible configurations in which model selection is 
guided by operational constraints and moderation 
objectives. Overall, this work provides applied insights 
that support the design of scalable, efficient, and 
practical hate speech detection systems for Indonesian 
digital platforms. 
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