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ABSTRACT

The rapid growth of online social media has led to a significant increase in abusive and harmful
interactions, making automated content moderation in important research challenge. Although
existing machine learning and deep learning techniques have achieved promising results in
detecting explicit abusive comments, they often struggle to identify implicit abusive comments
expressed through subtle, indirect or context — dependent language. This limitation reduces the
effectiveness of current moderation systems and allows harmful content to remain undetected.
The proposed research aims to develop an Al — Driven framework for detecting both explicit
and implicit abusive comments by comparatively evaluating multiple machine learning and
deep learning models. The research will involve collecting benchmark datasets, preprocessing
textual data, training and evaluating different models using standard performance metrics, and
identifying the most effective approach for abusive comment detection. The selected model
will be further validated using real world online comments to assess its practical applicability
in intelligent content moderation. The proposed framework is expected to improve the
detection of subtle abusive language, support safer online interactions, and provide valuable
insights for enhancing automated moderations systems across digital platforms.

Keywords: Explicit Abuse, Implicit Abuse, Machine Learning, Deep Learning, Natural
Language Processing, Text Classification, Social Media

1. INTRODUCTION

Online social media platforms have become an integral part of modern communication,
allowing users to exchange opinions, engage with others, and participate in public debates.
However, the proliferation of these platforms has also contributed to an increase in abusive
and harmful interactions. Hateful comments can negatively impact individuals and

communities online, creating the need for powerful automated approaches to identify and
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contain harmful speech. There is more than one form of swearing. Explicitly offensive
comments typically include direct insults, offensive language, profanity, or overtly offensive
language. In contrast, implicitly offensive comments may convey harmful or offensive
meanings indirectly through contextual, subtle, or implicit language. Direct insults are often
identified by recognizable language patterns, whereas indirect insults are more difficult to
detect because the offensive meaning may not be expressed explicitly in the sentence. This
distinction makes the classification of overt and covert abuse an important issue in automated

content moderation.

Machine Learning and Deep Learning techniques are widely used for text classification and
misuse detection because they can learn linguistic patterns from text data. While traditional
machine learning approaches can represent textual information using statistical features such
as Term Frequency or Inverse Document Frequency. Deep Learning approaches can learn
sequential and contextual patterns from textual representations. The performance of these
approaches may vary depending on dataset characteristics, preprocessing methods, feature
representation, model architecture, and target class distribution. EXxisting approaches to
detecting profanity often focus on determining whether a comment is offensive, and
distinguishing between different forms of insults has received relatively little attention. In
particular, determining whether offensive comments are overt or covert poses further
classification problems. A system that only considers the presence of offensive words may not
recognize indirect offensive language well, whereas a model that can learn a broader range of

text patterns may provide additional information to distinguish between the two categories.

This study focuses on the classification of offensive comments into Explicit and Implicit. A
dataset of manually labelled offensive comments was processed and used to develop and
evaluate several Machine Learning and Deep Learning models. Machine Learning approaches
include Logistic Regression, Linear Support Vector Machine, Random Forest, XGBoost and
tuned XGBoost. Deep Learning approaches include Long Short — Term Memory (LSTM),
Bidirectional Long Short — Term Memory, and Gated Recurrent Unit. Machine Learning
models were trained using TF — IDF based text representation, and deep learning models used
tokenized and padded text sequences. We compared the models using standard classification
metrics such as Precision, Accuracy, Recall and F1 — Score. This evaluation not only provides
a basis for testing the effectiveness of various machine learning and deep learning approaches

in distinguishing implicit and explicit offensive language, but also allows us to identify
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challenges associated with the classification of Implicit language. The rest of this document is
organized as follows: Section 2 presents Related work on profanity detection and classification
of Implicit and Explicit abuse. Section 3 describes the methodology, including datasets,
preprocessing, feature representation, model development, and evaluation procedures. Section
4 presents a comparison of the experimental results and the performance of the evaluation
model, discusses the findings and limitations of the study. Finally, Section 5 concludes the
study and provides directions for future work.

2. RELATED WORK

2.1 Existing Research

Abusive language detection has been widely studied using Machine Learning (ML) and Deep
Learning (DL) techniques. Early approaches primarily focused on detecting offensive or
abusive content using traditional classifiers such as Logistic Regression, Support Vector
Machine (SVM), Random Forest, and ensemble methods with features such as TF — IDF and
Bag — of — Words. Alam et al. (2021) demonstrated that ensemble ML methods can improve
offensive — language classification, while Talpur and O’Sullivan (2020) showed that feature

engineering and class — balancing techniques can improve cyberbullying detection.

Recent research has given greater attention to implicit hate and abuse, where harmful meaning
is expressed indirectly. EISherief et al. (2021) introduced the Latent Hatred benchmark and
showed that implicit hate can involve sarcasm, coded language, and metaphor, making it more
difficult to classify than explicit hate. Lin (2022) further examined the use of external world
knowledge for implicit hate detection and found that such knowledge does not consistently

improve the recognition of nuanced implicit expressions.

Deep Learning and Transformer — Based approaches have also been increasingly explored.
Prama et al. (2025) evaluated LSTM — based cyberbullying severity detection, while Adhikari
et al. (2026) reported stronger toxic — comment classification performance using fine — tuned
BERT compared with traditional ML models. Kim et al. (2024) investigated contrastive
learning with hard — negative sampling and demonstrated the importance of distinguishing

semantically similar but differently labelled examples.

Several studies have also identified limitations affecting abusive — language detection. Yin and

Zubiaga (2021) highlighted problems such as dataset bias, limited generalization, non —
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standard language, and implicit expressions. Zhang et al. (2024) showed that even LLMs can
struggle with implicit hate and may produced poorly calibrated predictions. These findings
indicate that, despite advances in Machine Learning and Deep Learning, distinguishing explicit

and implicit abusive language remains a challenging classification problem.
2.2  Research Gap

The review of the existing studies highlights a number of research gaps related to the detection
of abusive language. The studies are dominated by solutions that attempt to identify abusive
and non — abusive texts. Yet, there appears to be a lack of research into the detection of explicit
and implicit abusive content. The latter category is particularly challenging because it often
relies on implicit meaning that conveys abusive content via sarcasm, hidden insults, and other

implicit formulations.

The review also suggests that traditional Machine Learning methods offer little help in
addressing the challenge of abusive language detection. While TF — IDF representations are
accurate and computationally inexpensive, they are not conducive to capturing complex
interrelationships in natural language. More advanced solutions, such as Deep Learning and
related approaches, appear to be more promising, yet they require substantial computational

power and encounter a number of challenges identified by researchers.

Finally, the review highlights the lack of comparative analysis between traditional Machine
and Deep Learning solutions. Indeed, there are few studies that attempt to compare the
effectiveness of various models in Binary classification tasks of implicit and explicit abusive

content detection.

3. METHODOLOGY

The methodology adopted in this study involves a pipeline of classifying abusive comments
into Explicit Abuse and Implicit Abuse. The experimental process was done through preparing
a dataset, text pre — processing, splitting of data into testing and training sets, feature and text
representation, developing a Machine Learning (ML) and Deep Learning (DL) model, training
the model and evaluating its performance. The same data was used in all the processes to allow

the comparison of classification performance of ML and DL approaches.
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3.1 Dataset Preprocessing

The dataset used in this study consists of 1,141 manually labelled abusive comments. The two
target categories are Explicit Abuse and Implicit Abuse. Explicit Abuse refers to comments in
which abusive meaning is explicitly stated; Implicit Abuse refers to comments in which
abusive meaning is implicitly suggested or requires more contextual information and
interpretation to distinguish from non — abusive comments.

692 comments were labeled as Explicit Abuse and 449 comments were labeled as Implicit
Abuse.

The comment text underwent preprocessing before being used to train the model. A cleaned
version of each comment was generated and saved in the ‘clean_comment’ field. The text was
converted to lowercase to ensure consistency between variations of the same word with
different capitalization. Irrelevant variations of the same comment were removed to retain the
relevant linguistic information contained in the comment that would be useful in differentiating
between the two types of abuse.

The preprocessed dataset was then divided into training, validation, and test sets in a 70:15:15
ratio. This resulted in 798 training samples, 171 validation samples, and 172 test samples. The
training set was used to train the model, while the validation set was used to compare different

models. The test was used to evaluate the final performance of the chosen model after training.

3.2 Feature Extraction

Various text — encoding techniques were applied based on the requirements of respective ML
and DL algorithms. In particular, to fit into an ML paradigm, comments were converted into
numerical TF — IDF representation. A TF — IDF (Term Frequency — Inverse Document
Frequency) encoding technique quantifies the importance of certain terms in a comment
relative to their overall frequency in a dataset. The vectorizer was initialized with a maximum
of 5000 features to control the dimensional complexity of text representation. By using TF —
IDF encoding, a fixed — length numerical vectorization of comments was achieved, suitable

for conventional ML algorithms.

In turn, numerical representations of comments in DL were constructed from integer — encoded
word sequences. First, a Tokenizer was fitted on the training set with a maximum vocabulary

size of 5000 words. During the encoding process, rare words not present in the tokenizer’s
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vocabulary were assigned a special out — of — vocabulary token. Since comments included
different number of words, sequences were then padded or truncated to a fixed length of 100
tokens.

3.3 Machine Learning Models Development

The initial pool of ML algorithms included in the consideration consisted of five classifiers:
Logistic Regression, Linear Support Vector Machine (SVM), Random Forest, XGBoost, and
tuned XGBoost. All algorithms were applied to the TF — IDF matrix.

The first two algorithms were the linear classifiers applied to detect patterns in the input data.
The Random Forest algorithm was chosen as the representative of ht tree — based approach,
while XGBoost was used as a gradient — boosting alternative that is reported to provide better
modelling power than tree — based algorithms on average. The last algorithm that was applied,
which also required the largest computational expenses, was the tuned XGBoost. It was used
to optimize the following parameters: number of estimators, max tree depth, learning rate,
subsampling ratio, and feature — subsampling ratio. Overall, it was used to improve the

performance of the classifier compared to the default settings.
3.4 Deep Learning Models Development

Three Deep Learning models: Long Short — Term Memory, Bidirectional Long Short — Term
Memory and Gated Recurrent Unit was explored. All the networks were taking as input the
tokenized and padded comment sequences and were trained to classify the texts based on their
learned sequential patterns.

The Long Short — Term Memory network was employing an embedding layer to encode the
word indices as dense vectors followed by a LSTM layer and fully connected layers to perform
the classification. The Bidirectional Long Short — Term Memory networks processed the input
sequence in both directions, thus enabling the network to learn patterns from both directions
of the input. Finally, Gated Recurrent Unit was used to learn sequential patterns of the
comment’s texts.

The dropout regularization was applied in order to prevent the Deep — Learning models from
overfitting on the training samples. Another technique to address the overfitting issue was to
balance the class weights in the final deep learning model since the Explicit Abuse class was

much more represented than the Implicit Abuse class.
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3.5 Model Training and Performance Testing

The ML and DL models were trained on the training subset and validated using the validation
subset. The latter was used to evaluate the models against each other and, in the case of
XGBoost, to determine the impact of hyperparameter optimization. The performance of the

models was finally tested using the independent test subset

The performance of the models was evaluated using Accuracy, Precision, Recall, and F1 —
score. Accuracy represents the ratio of correctly classified comments to all comments. In turn,
Precision is the ratio of correctly positively classified comments to all positively classified
comments. Finally, Recall is the ratio of correctly positively classified comments to all actual
positive comments, and the F1 — score is the harmonic mean of Precision and Recall.
Additionally, confusion matrices were analyzed to highlight the difference between Explicit

Abuse and Implicit Abuse

The same performance criteria were used to compare ML and DL models, enabling a consistent

evaluation of their classification performance.

4. RESULTS & DISCUSSION

The performance of the Machine Learning (ML) and Deep Learning (DL) models was evaluated
using the independent test dataset containing 172 comments. Accuracy, Precision, Recall, and
F1 — Score were used as the primary evaluation measures. Confusion matrices were additionally
examined to analyze the classification behavior of the models, particularly their ability to

distinguish between Explicit Abuse and Implicit Abuse.

4.1 Machine Learning Results

The test performance of the five Machine Learning models is presented in Table 1. All ML

models were evaluated using the same TF — IDF based test representation.

Model Accuracy (%)  |Precision (%) |Recall (%) |F1 - Score (%)
Logistic Regression  [70.93 62.86 64.71 63.77

Linear Support Vector({70.93 65.00 57.35 60.94

Machine

Random Forest 66.28 61.36 39.71 48.21
XGBoost 70.93 63.24 63.24 63.24

Tuned XGBoost 71.51 64.62 61.76 63.16

Table 1. Test Performance of Machine Learning Models
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The best — performing model, XGBoost — tuned, achieved the highest test accuracy among the
tested ML models, scoring 71.51%. In turn, the Logistic Regression, Linear SVM, and
XGBoost algorithms yielded 70.93%, while the Random Forest method scored 66.28%.

The confusion matrices below demonstrate the number of correctly predicted Implicit and
Explicit comments for each of the tested algorithms. Thus, the Logistic Regression algorithm
correctly classified 78 Explicit and 44 Implicit comments. The Linear SVM classifier achieved
83 Explicit and 39 Implicit comments. In turn, the Random Forest method allowed classifying
87 Explicit and only 27 Implicit comments. Meanwhile, the best — performing XGBoost —

tuned classifier achieved 81 Explicit and 42 Implicit comments.

The confusion matrix for the best — performing XGBoost — tuned algorithm is demonstrated
below in Figure 1. This algorithm correctly predicted 81 Explicit and 42 Implicit comments,
while classifying 23 Explicit comments as Implicit and 26 Implicit comments as Explicit.

Tuned XGBoost - Confusion Matrix

- 80

Actual Label
Explicit

Implicit

Explicit Implicit
Predicted Label

Figure 1. Confusion matrix of the tuned XGBoost model
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The Deep Learning models were evaluated using tokenized and padded comment sequences.

The resulting test performance is presented in Table 2.

Model Accuracy (%) Precision (%) Recall (%) F1 — Score (%)
LSTM 60.47 36.56 60.47 45.57
BiLSTM 70.93 70.68 70.93 70.76
GRU 60.47 36.56 60.47 45.57

Table 2. Test performance of Deep Learning Models

Among the evaluated Deep Learning models, BiLSTM achieved the highest accuracy of
70.93%, together with a weighted F1 — score of 70.76%. LSTM and GRU both achieved an

accuracy of 60.47%

The confusion matrices reveal an important difference | the behavior of the recurrent models.

The LSTM and GRU models classified all 104 Explicit comments correctly but classified all

68 Implicit comments as Explicit. Consequently, these models did not identify any Implicit

comments in the test set. In contrast, the BILSTM model correctly classified 81 Explicit and

41 Implicit comments, while misclassifying 23 Explicit and 27 Implicit comments.

Actual Label

BiLSTM - Confusion Matrix

Explicit

Implicit

Explicit

Implicit

Predicted Label

- 80

Figure 2. Confusion matrix of the BILSTM model
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4.3 Comparative Analysis of ML & DL Models

The overall test accuracy of the evaluated ML and DL models is presented in Table 3.

Category Model Test Accuracy (%)
ML Logistic Regression 70.93
ML Linear SVM 70.93
ML Random Forest 66.28
ML XGBoost 70.93
ML Tuned XGBoost 71.51
DL LSTM 60.47
DL BiLSTM 70.93
DL GRU 60.47

Table 3. Comparative test accuracy of all evaluated models

The comparative results indicate that the evaluated models produced different levels of

performance on the test dataset. The tuned XGBoost models recorded the highest test accuracy

of 71.51%, while BiLSTM achieved 70.93% and provided the strongest performance among

the evaluated Deep Learning models. Logistic Regression, Linear SVM, and XGBoost also

achieved 70.93%

100

Test Accuracy (%)

Test Accuracy Comparison of Machine Learning and Deep Learning Models

80

70.93%

70.93% 70.93% 71.51% 70.93%

Models

Figure 3. Test accuracy comparison of Machine Learning and Deep Learning models.
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The results also demonstrate that accuracy alone does not fully describe the behavior of the
models for this classification task. In particular, the LSTM and GRU models achieved 60.47%
accuracy while failing to identify any Implicit Abuse comments. In contrast, the BiLSTM
model identified 41 of the 68 Implicit Abuse comments in the test set. This highlights the
importance of examining class — level performance and confusion matrices alongside overall

accuracy when evaluating explicit and implicit abuse classification.

4.4 Performance of Machine Learning and Deep Learning Models

The results of the analysis prove that both classical Machine Learning and Deep Learning
approaches can be successfully applied in the solution of the classification tasks, including the
case of explicit and implicit abusive language. However, their accuracy depends significantly
on the choice of the proper method for representation learning and the volume of the training
set.

Machine Learning methods used in the research employed the TF — IDF technique, which
allows highlighting the words and terms characteristic of each category, thus, adequately
representing this type of information. This approach is relatively simple; however, it’s
performance is conditional to the presence of statistical regularities in the input data. On the
other hand, Deep Learning methods process sequences of tokens and automatically detect
patterns specific to each category with the help of a series of transformations performed by
neural networks. It makes them highly accurate, but only with sufficient training data and

proper model selection.

Thus, all the conducted research can lead to the conclusion that there is no direct connection
between the complexity of the model and its accuracy in the context of text classification tasks.
A more complex model will not necessarily perform better if the training data is insufficient
or the target class distinction is not encoded in the data representation method. Therefore, when
selecting a model for a specific task, in addition to the volume and nature of the data, the choice
of representation method and the properties of the classes should be considered.

4.5 Limitations

The study has several limitations, that should be considered when interpreting the results. The
dataset used for manual labelling consists of only 1,141 comments. This represents a relatively
small amount of labelled data for training complex Deep Learning architectures. The
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distribution of the two classes is also not completely balanced, with Explicit abuse comments

being more numerous that Implicit abuse comments.

Another limitation is that the classification of implicit abuse can be subjective. The meaning
of an indirection can sometimes not be apparent from the text, leading to ambiguity in manual
labelling and classification by models.

Furthermore, the experiments were conducted using a single dataset and a particular
preprocessing and modelling configuration. As such, it is not possible to extrapolate the
observed performance to comments on different social — media platforms, communities,
languages, or domain. A more extensive evaluation on additional datasets and an external

validation would have been required to investigate the approaches generalization further.
5. CONCLUSION AND FUTURE WORK

5.1 Conclusion

This study developed an Al Framework for classifying abusive comments into Explicit Abuse
and Implicit Abuse. A manually labelled set of abusive comments was prepared and processed,
and both Machine Learning and Deep Learning approaches were applied to classify abuse.
The developed framework used TF — IDF based feature representation for traditional Machine
Learning and tokenized sequences for the Deep Learning approach. Multiple classification
approaches were developed and evaluated using comparable evaluation measures. The
experimental results show that automated classification of explicit and implicit abuse is
possible but challenging, and that abusive meaning that is expressed indirectly or contextually,
is difficult.

Overall, this study demonstrated that combining different approaches of Machine Learning and
Deep Learning can allow for fine — grained abusive — language analysis. Instead of considering
abusive content as on category, differentiating between explicit abuse and implicit abuse,
provides a more informative view for automated content moderation. The results can provide
a foundation for developing more context — aware automated approaches for detecting different

forms of abusive language in online social — media environments.
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5.2 Future Work

There are several directions this study can go. A larger and more diverse set of comments,
from multiple social — media platforms can be developed to increase the generalization of the
framework. More manually labelled examples of implicit abuse would also enable training

data that allows for learning subtle and contextually dependent patterns.

Future studies can consider Transformer — Based architectures and other language models that
can capture rich semantic relations. Conversational information, replies, surrounding
comments, and other contextual information can also aid identifying abusive intent that can
only be inferred from an individual comment. Further research can also examine improving

handling of sarcasm, indirect expressions, coded language, and ambiguous comments.

Evaluations using external datasets and social — media data would also assess how well the
developed approaches would generalize beyond the dataset used. These improvements would
result in more robust and context — aware automated moderation approaches for detecting

different forms of abusive language and improving moderation for online communities.
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