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ABSTRACT

The prevalence of abusive language and cyberbullying on social media platforms presents a growing
challenge to the user safety and digital well-being, necessitating the development of effective automated
content moderation systems. This study proposes a hybrid deep learning model that combines Long Short-
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Term Memory (LSTM) networks with Convolutional Neural Networks (CNNs) to classify the abusive text
with enhanced accuracy and contextual awareness. The LSTM component captures long-range
dependencies and semantic context, while the CNN module extracts discriminative local n-gram features.
The model was trained and evaluated on three benchmark datasets: HatebaseTwitter, HatEval, and
TRAC. The experimental results demonstrated that the proposed architecture outperforms traditional
classifiers, such as SVM, Random Forest, and Logistic Regression, as well as standalone CNN and LSTM
models, achieving superior performance across all standard evaluation metrics. Notably, the model
attained AUC scores of up to 0.97, indicating robust discriminatory power. These findings underscore the
effectiveness of the hybrid LSTM-CNN model for abusive language detection and highlight its potential
for deployment in real-time content moderation tools aimed at fostering safer online communication

environments.

Keywords-abusive language detection; cyberbullying classification; deep learning; LSTM-CNN hybrid model;
text classification; social media analysis; natural language processing; sentiment analysis

I.  INTRODUCTION

The proliferation of social media platforms has reshaped
the digital communication landscape, offering users access to
share information and engage in discourse globally [1].
However, this digital expansion has also facilitated the
widespread dissemination of offensive language, hate speech,
and cyberbullying, posing serious risks to the societal harmony
and user well-being [2]. Given the massive volume and
velocity of wuser-generated content, traditional manual
moderation approaches have become increasingly impractical
and resource-intensive [3]. As a result, the development of
automated abusive language detection systems has emerged as
a pressing need within Natural Language Processing (NLP) and
Artificial Intelligence (Al) research [4].

Initial solutions predominantly relied on classical machine
learning algorithms, such as Support Vector Machines, Naive
Bayes classifiers, and Logistic Regression models [5]. These
approaches typically used manually engineered features
including n-grams, TF-IDF vectors, and sentiment lexicons to
classify text [6]. Although effective in certain domains, these
models often struggled with capturing deeper semantic
structures, contextual meaning, and the evolving linguistic
patterns inherent in online discourse [7]. Moreover, challenges,
such as class imbalance, noise in data, and contextual
ambiguity limited their effectiveness in real-world applications

[8].

The advent of deep learning methodologies marked a
significant advancement in text classification tasks. CNNs
became prominent for their ability to extract local textual
features and recognize specific patterns within data [9]. CNNs
demonstrated strong performance in sentiment analysis and
initial hate speech detection efforts [10]. Nevertheless, CNN
architectures inherently focus on local dependencies and are
limited in their capacity to capture long-term sequential
information [11]. This limitation makes them insufficient when
abusive language detection requires understanding broader
discourse contexts or semantic nuances spread across longer
text spans [12].

To overcome these limitations, Recurrent Neural Networks
(RNNs), especially LSTM networks, have been adopted for
their strength in modeling sequential dependencies and
retaining context over time [13]. LSTMs have shown promise
in various text classification tasks, including offensive
language detection [14]. However, they may underperform in

isolating specific local features critical for identifying subtle
abusive cues within the text [15]. Consequently, hybrid
architectures combining CNNs for localized pattern detection
with LSTMs for sequence modeling have emerged as effective
solutions [16]. These hybrid models capture both immediate
lexical patterns and extended contextual information,
improving the detection accuracy for explicit and implicit
abusive language forms [17].

Further advancement introduced attention mechanisms and
transformer-based models, allowing a focus on the key text
elements and enhancing the model interpretability [18]. While
these architectures offer state-of-the-art results, they often
require significant computational resources and remain
sensitive to the dataset quality and linguistic variability [19].
Publicly available annotated datasets, such as HatebaseTwitter
[20], HatEval [21], and TRAC [22], have become essential for
benchmarking the model performance, but even these datasets
often suffer from class imbalance and annotation
inconsistencies, underscoring the need for robust preprocessing
and augmentation techniques [23]. Ethical considerations
including fairness, bias mitigation, and transparency are
equally critical to ensure the responsible deployment of
automated moderation systems [24]. Against this backdrop, this
study proposes a hybrid LSTM-CNN model designed to
effectively integrate convolutional and sequential learning for
robust abusive language detection across diverse social media
contexts.

II. MATERIALS AND METHODS

The methodological framework adopted in the current study
focuses on developing a robust deep learning pipeline for
detecting offensive language in user-generated social media
content. The process begins with the collection of textual data,
which includes annotated posts labeled as abusive or non-
abusive based on predefined criteria. To prepare the data for
modeling, a preprocessing phase is implemented, which
involves standard NLP techniques, such as lowercasing,
removal of punctuation and special characters, stopword
elimination, and tokenization. Additionally, lemmatization and
noise reduction are applied to enhance the semantic quality of
the input. Once preprocessed, the data are split into training and
testing subsets to enable both the model optimization and
performance evaluation.

Rather than relying on generic neural architectures, a hybrid
LSTM-CNN model specifically designed to leverage both the
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local and sequential features in text classification was applied.
The LSTM component captures long-term contextual
dependencies, while the CNN component identifies local
patterns, such as abusive n-grams. The comparative evaluation
of this hybrid model against baseline machine learning
algorithms, like SVM, Random Forest, and Naive Bayes as
well as standalone deep learning models, such as CNN, LSTM
and Bi-LSTM is central. Performance metrics including
accuracy, precision, recall, F1-score, and AUC-ROC are used
to quantitatively assess the advantages of the proposed
approach. The results demonstrate the hybrid model’s
consistent superiority across multiple benchmark datasets,
further validating the methodological contributions of this
work.

A. Dataset Collection

The dataset used was collected by automatically extracting
user-generated content from the VKontakte (VK) social
network through the VK API. Public profile details, including
user ID, name, surname, date of birth, city, and post history,
were gathered and systematically grouped by user identifiers
for analysis (Figure 1). Each post was labeled based on
predefined sentiment categories: neutral, depressive, or
aggressive, creating a labeled dataset for model training and
evaluation. A Python-based interface in PyCharm initiated API
queries, retrieving user data via HTTPS requests in JSON
format for efficient processing (Figure 2).

Parsing with VK

User’s profile Analysis of
info posts

N

id id_1 - list of posts
name id_2 - list of posts
surname id_3 - list of posts
title

date of birth
country
city

list of posts

id_n - list of posts

Classificed posts

Fig. 1. Dataset collection and classification pipeline using VK APIL.
Response in JSON format
PyCharm
—— ¢
VK API
=

Social network server (data storage)

Fig. 2. Architecture of data acquisition via VK APIL

The VK API allows access to both user profile metadata
and their associated posts, which are stored on the VK server
and returned in a structured format. Upon receiving the
response, the client-side script parses the JSON data and stores
them locally for subsequent preprocessing and analysis [25].
This architecture ensures scalable and repeatable data
extraction, enabling large-scale data collection with minimal
manual intervention. By leveraging the API’s structured
endpoints and response formats, the system guarantees
consistency in data retrieval while adhering to the platform
usage guidelines and ethical standards.

B. Proposed Model

The proposed model (Figure 3) integrates convolutional
feature extraction with recurrent sequence modeling to detect
abusive language in social media text.
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Fig. 3. Proposed hybrid LSTM—CNN architecture for automated abusive
language detection.
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where W" and " denote the filter weights and bias, TP+TN
. . accuracy=——————— (11)
respectively, and Re LU (z) is the max (0,z) . TP+TN+FP+FN
A max-over-time pooling operation then condenses each ... TP 12
feature map into a scalar: precision= P+FP (12)
Alh) ()
¢ =maxc, 2) TP
i recall= (13)
TP+FN
The gathered convolutional features {6(”)} are
. . . . precisionxrecall
concatenated with the final hidden state of a bidirectional Fl-score=2x—————— (14)

LSTM, which processes the original embeddings to capture the
long-range dependencies. The LSTM component updates the
gating equations:

i =0(Wx, +Uh_ +b,) 3)
f=0(Wx, +Uh_ +b,) (4)
¢, =tanh(W.x, +U_h_, +b,) )]
¢, =f e, +ic (6)
o,=0(W,x,+U,h_, +b,) @)
h, = o, ®tanh(c, ) ®)

where i, f, ¢, and o stand for input, forget, cell, and output,
respectively. Also W are the weight matrices, U are the weight
matrices for hidden state h,_, in respective gates, o is the
sigmoid activation function, and & is the element-wise
addition.

The combined feature vector z = Hé(h)} I hﬂ] is then fed into

a fully connected layer with softmax activation function to
produce class probabilities y [26]:

$ = softmax (W,z +b, ) )

The model training minimizes the categorical cross-entropy
loss L, over K classes:

L==3"y, log(5,) (10)

where y, is the true label for class k, represented as a one hot
vector and J, is the model’s predicted probability for class .

C. Evaluation Metrics

To quantitatively assess the performance of the proposed
model, a set of standard evaluation metrics was used tailored to
each of the three core tasks: classification, localization, and
segmentation. For the classification task, accuracy, precision,
recall, and Fl-score were employed, to evaluate the model’s
ability to distinguish abusive from non-abusive cases [27-30].
These metrics are defined by:

precision+recall

where TP, TN, FP, and FN represent True Positive (the model
correctly predicts an abusive case when the case is abusive),
True Negative (the model correctly predicts a non-abusive case
when the case is not abusive), False Positive (the model
incorrectly predicts an abusive case, but the case is not
abusive), and False Negative (the model incorrectly predicts a
non-abusive case, but the case is abusive), respectively.

II. RESULTS

The experimental evaluation conducted highlights the
superior performance of the proposed hybrid LSTM-CNN
model for detecting offensive language across three benchmark
datasets: HatebaseTwitter, HatEval, and TRAC. The model
consistently outperforms both traditional machine learning
classifiers such as Naive Bayes, Support Vector Machine, and
Logistic Regression, as well as deep learning baselines
including CNN, LSTM, and Bi-LSTM. Comparing the average
results for accuracy, precision, recall, and Fl-score across the
datasets for each model (Table I), it is concluded that the
hybrid model achieves the highest overall performance, with
accuracy exceeding 97%, precision and recall above 98%, and
the highest Fl-score across all models evaluated. These
improvements reflect not only statistical superiority, but also
meaningful gains in the practical classification reliability.

The superior performance of the proposed hybrid model
arises from its architectural integration of CNN and RNN
components. The convolutional layers effectively extract local
n-gram features, capturing specific abusive expressions, while
the LSTM layers model long-range dependencies to preserve
the contextual meaning. This complementary design allows for
the accurate identification of both obvious and subtle offensive
language, enabling the model to offer a robust, generalizable,
and scalable solution for offensive language detection in real
world content moderation across heterogeneous social media
platforms.

The proposed hybrid LSTM-CNN model consistently
surpasses various baseline classifiers. It achieves higher
accuracy, precision, recall, and F1-score, with improvements of
approximately 2-3 percentage points over Bi-LSTM. By
combining convolutional feature extraction with sequential
modeling, the hybrid architecture effectively captures both the
local patterns and long-term dependencies, enhancing the
detection of explicit and implicit abusive content. This synergy
provides a reliable tool for automated content moderation.
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TABLE L. PERFORMANCE COMPARISON OF THE PROPOSED MODEL WITH MACHINE LEARNING AND DEEP LEARNING MODELS
. F1- AUC-
Dataset Type Method Accuracy | Precision | Recall score ROC
Proposed method | 11Prid LSTM-CNN architecture for automated | o7 »g, 97.1% | 972% | 97.1% | 97.1%
abusive language detection
Random Forest 70.6% 70.3% 70.4% 70.3% 70.2%
Decistion Tree 74.5% 74.2% 74.1% 74.3% 74.1%
Machine learning Logistic Regression 79.2% 78.7% 78.6% 78.5% 78.3%
) methods KNN 77.7% 77.4% 77.3% 76.4% 76.2%
ngf‘e‘re'(’;izset Naive Bayes 63.8% 685% | 684% | 68.4% 63.4%
SVM 79.8% 79.6% 79.3% 79.4% 79.4%
CNN 83.4% 82.9% 82.0% 82.4% 82.4%
LSTM 87.4% 87.9% 88.0% 87.4% 87.4%
Deep learning BiLSTM 90.4% 89.9% 90.0% 89.4% 89.4%
CNN-LSTM 92.2% 91.7% 91.8% 91.6% 91.5%
CNN-BILSTM 92.4% 92.4% 92.3% 92.2% 92.3%
Proposed method | 11YPrid LSTM-CNN architecture for automated 97.8% 97.4% | 973% | 97.4% 97.4%
abusive language detection
Random Forest 68.6% 68.3% 68.4% 68.3% 68.2%
Decistion Tree 72.9% 72.2% 72.8% 72.6% 72.4%
Machine learning Logistic Regression 78.2% 77.9% 77.6% 77.4% 77.3%
. methods KNN 74.7% 74.4% 74.3% 73.4% 73.2%
g;‘tfsv‘;l Naive Bayes 66.8% 66.5% | 66.4% | 664% | 66.4%
SVM 78.8% 78.6% 78.3% 78.4% 78.4%
CNN 82.4% 81.9% 82.0% 81.4% 81.4%
LSTM 86.4% 85.9% 85.0% 85.4% 85.5%
Deep learning BiLSTM 89.4% 88.9% 89.0% 88.4% 88.4%
CNN-LSTM 91.7% 91.3% 91.2% 91.2% 91.2%
CNN-BILSTM 91.8% 91.7% 91.7% 91.6% 91.4%
Proposed method | 11YPrid LSTM-CNN architecture for automated | ¢ 54, 963% | 963% | 96.0% | 953%
abusive language detection
Random Forest 71.6% 71.3% 71.4% 71.3% 71.2%
Decistion Tree 76.9% 76.2% 76.8% 76.6% 76.4%
Machine learning Logistic Regression 77.2% 76.9% 76.6% 76.4% 76.3%
methods KNN 76.7% 76.4% 76.3% 76.4% 76.2%
TRAC dataset Naive Bayes 69.8% 69.5% 69.4% 69.4% 68.4%
SVM 80.8% 80.6% 80.3% 80.4% 80.4%
CNN 85.4% 84.9% 85.0% 84.4% 84.5%
LSTM 90.4% 89.9% 90.0% 89.4% 89.4%
Deep learning BiLSTM 92.4% 91.9% 92.0% 91.4% 91.4%
CNN-LSTM 92.8% 92.3% 92.3% 92.4% 92.1%
CNN-BiLSTM 93.0% 92.9% 93.8% 92.8% 92.7%

Figure 4 shows the ROC curves for all evaluated models on
the HatebaseTwitter dataset, where the diagonal line represents
random chance (AUC = 0.5). The proposed hybrid LSTM-
CNN model demonstrates the best performance, achieving an
AUC of approximately 0.96, reflecting its strong ability to
differentiate between abusive and non-abusive content. The Bi-
LSTM and CNN baselines follow with AUCs around 0.92,
confirming their effectiveness in sequential and local feature
extraction. Traditional models, such as SVM and Random
Forest, score lower with AUCs between 0.82 and 0.86. These
results validate the hybrid model’s superior classification
capability.

Figure 5 displays the ROC curve results for all classifiers
evaluated on the HatEval dataset, a key benchmark for hate
speech detection. The diagonal line represents random
performance (AUC = 0.50) for baseline comparison. The
proposed hybrid LSTM—-CNN model achieves the highest AUC
of approximately 0.95, highlighting its superior ability to
distinguish abusive from non-abusive text. This performance
indicates the model’s strength in capturing both explicit and

subtle forms of hate speech. The Bi-LSTM and CNN baselines
follow with AUCs of around 0.92 and 0.90, respectively. In
contrast, traditional classifiers show lower AUCs between 0.82
and 0.87.

Cyberbullying Classification dataset AUC-ROC

—— Naive Bayes
Decision Tree

—— Support Vector Machine
Random Forest

— Logistic Regression

—— K-Nearest Neighbors

LST™™

Bi-LSTM

CNN

0.4

0.2
-
0

True Ppsitive Rate

0.0 4
0.

0?2 0t4 Otﬁ 0?8 1.0
False Positive Rate

Fig. 4. The ROC curve results for the HatebaseTwitter dataset.
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Twitter dataset AUC-ROC

1.0 - — —

e —— Naive Bayes
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= i —— Support Vector Machine
27 —— Random Forest
rd - Logistic Regression
P —— K-Nearest Neighbors
-~ LSTM
e Bi-LSTM
0.0 - CNN

True Posriive Rate

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Fig. 5. The ROC curve results for the HatEval dataset.

Figure 6 illustrates the ROC curves for all evaluated
classifiers on the TRAC dataset, where the diagonal line
represents random performance (AUC = 0.50) as in the other
cases. The proposed hybrid LSTM-CNN model achieves the
highest AUC of approximately 0.97, confirming its strong
capability to differentiate between abusive and non-abusive
posts. The Bi-LSTM and CNN baselines follow with AUCs of
about 0.93 and 0.91, respectively, highlighting their respective
strengths in sequence modeling and local pattern extraction.
Traditional machine learning models, including SVM, Random
Forest, and Logistic Regression, yield lower AUCs between
0.81 and 0.87. These results validate the hybrid model’s
superior performance.

Hate Speech and offensive language dataset AUC-ROC

—— Naive Bayes
-~ Decision Tree
—— Support Vector Machine
—— Random Forest
—— Logistic Regression
- K-Nearest Neighbors

0.4

0.2

- LSTM
P BI-LSTM
Ve CNN
ool A - = - e e
0.0 0.2 0.4 0.6 0.8 10
False Positive Rate
Fig. 6. The ROC curve results for the TRAC dataset.

IV. CONCLUSIONS

This study introduced a hybrid Convolutional Neural
Network (CNN)-Long Short Term Memory (LSTM) model for
automated abusive language detection on social media,
designed to leverage both convolutional and sequential learning
mechanisms. By integrating CNN's capacity to extract local n-
gram features with LSTM’s strength in modeling long-term
contextual dependencies, the proposed model achieved
consistent performance improvements over traditional machine
learning classifiers, such as SVM, Random Forest, and Logistic
Regression, as well as over standalone deep learning models,
like CNN, LSTM, and Bi-LSTM. Across three benchmark
datasets (AbuseTwitter, HatEval, and TRAC), the hybrid
model recorded higher accuracy, precision, recall, and Fi-score,
with relative gains of 2-3 percentage points compared to the
strongest baselines.

Compared to previous studies relying solely on CNN or
LSTM architectures, which often struggled to balance the local
feature extraction with the global context understanding, the
proposed hybrid framework consistently delivered superior
classification outcomes. This finding aligns with recent
research advocating for model architectures that combine
multiple learning paradigms to address the nuanced nature of
abusive language detection. Notably, the high AUC values,
ranging from 0.95 to 0.97, underscore the model's enhanced
discriminative capacity, surpassing the performance typically
reported for single-architecture models on similar datasets.

In addition to addressing class imbalance and linguistic
variability, the model demonstrates practical applicability for
real-time content moderation tasks. Future research will focus
on integrating attention mechanisms, transformer-based
encodings, and multilingual data to further refine the detection
capabilities and broaden the cross-platform adaptability. This
work confirms that the hybrid architectures hold significant
potential for advancing automated moderation tools,
contributing to safer and more responsible digital
communication environments.
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