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Abstract: Cyberbullying on social media has become a serious issue that affects users' mental well-being, safety, and online
engagement. Detecting cyberbullying automatically is challenging due to informal writing styles, short messages, and the presence
of subtle abusive patterns that often overlap with normal communication. This paper presents a comparative evaluation of quantum-
based learning models for cyberbullying detection using a unified experimental pipeline. The proposed system applies text
preprocessing followed by TF-IDF feature extraction and PCA-based dimensionality reduction, and then performs classification
using Quantum Support Vector Machine (QSVM), Quantum Neural Network (QNN), Quantum Natural Language Processing
(QNLP), and Quantum Singular Value Decomposition (QSVD). In addition, a hybrid QNN+QSVM ensemble is evaluated to
examine whether combining complementary decision mechanisms improves prediction consistency. Experimental results show
that QSVM achieved the best overall accuracy of 88.15%, with 92.52% precision, 92.23% recall, and an F1-score of 92.38%.
QSVD delivered comparable performance with 88.08% accuracy, 93.53% precision, 90.98% recall, and an F1-score of 92.24%,
indicating strong class separation with reduced feature complexity. QNN and QNLP produced competitive results, achieving
84.12% and 83.85% accuracy, respectively, with F1-scores close to 90%, demonstrating stable detection capability under quantum
embedding. The hybrid QNN+QSVM model achieved 87.37% accuracy and an F1-score of 91.87%, showing balanced precision
(92.06%) and recall (91.68%) and confirming that ensemble integration can improve reliability over individual quantum neural
approaches. These findings suggest that kernel-driven quantum classifiers and decomposition-based quantum representations can
provide strong performance for cyberbullying detection while maintaining consistent predictive behavior across evaluation
measures.

Keywords: Cyberbullying Detection, Quantum Machine Learning, QSVM, QNN, QNLP, SVD, Hybrid Ensemble (QNN+QSVM),
Social Media Text Classification

1. Introduction

Social media platforms have become a primary medium for communication, content sharing, and public
discussion. Along with their benefits, these platforms have also enabled the rapid spread of harmful behavior,
including cyberbullying. Cyberbullying refers to repeated or intentional online actions that humiliate, harass, threaten,
or emotionally harm an individual or a group. Unlike traditional bullying, online harassment can occur anonymously,
reach a wider audience instantly, and persist through reposts and digital permanence. As a result, cyberbullying has
been linked with psychological distress, reduced academic performance, and long-term emotional consequences.
Manual monitoring and reporting mechanisms are insufficient for controlling cyberbullying at scale. The volume of
user-generated content is extremely high, and abusive messages are often written using informal language,
abbreviations, spelling variations, sarcasm, or coded terms. In many cases, cyberbullying is also context-dependent: a
sentence may appear normal in isolation but becomes harmful when combined with conversational history, targeted
identity, or repeated patterns of interaction. These factors make automatic detection both necessary and challenging.

Over the last decade, cyberbullying detection has been studied using machine learning and deep learning
techniques. Traditional classifiers such as Support Vector Machines, Naive Bayes, and Random Forests have been
widely adopted because they are efficient and work well with engineered textual features. More recently, deep learning
models such as CNNs, RNNs, and transformer-based architectures have improved detection performance by learning
richer semantic patterns from text. However, these models still face limitations, including large computational
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requirements, sensitivity to dataset imbalance, and difficulty in generalizing when language styles change across
platforms or regions.

Quantum machine learning (QML) has emerged as an alternative computational direction for classification
problems. In QML, mathematical operations such as kernel construction, feature mapping, and optimization can be
modelled using quantum principles. Although practical quantum computing is still evolving, quantum-inspired
methods and hybrid quantum-classical systems are now being explored for real-world learning tasks. In text
classification, QML may offer benefits through different feature transformations and decision boundaries compared
with conventional models, particularly in settings where patterns are complex and non-linear.

The study investigates the suitability of quantum-based learning models for detecting cyberbullying in social
media text. A consistent experimental pipeline is used, including TF-IDF representation and PCA-based
dimensionality reduction, followed by model training and evaluation. The study considers four quantum models:
Quantum Support Vector Machine (QSVM), Quantum Neural Network (QNN), Quantum Natural Language
Processing (QNLP), and Quantum Singular Value Decomposition (QSVD), and also evaluates a hybrid ensemble
combining QNN and QSVM. The performance is compared using accuracy, precision, recall, and F1-score. The
reported results indicate that QSVM provides the strongest standalone performance, while the hybrid design improves
consistency over multiple models, supporting the potential of QML frameworks for cyberbullying detection.

The remaining sections of the paper are organized as follows: Section 2 discusses related studies in
cyberbullying detection and quantum learning methods. Section 3 describes the proposed methodology, including
preprocessing, feature extraction, and model construction. Section 4 presents the experimental setup and the obtained
results. Section 5 provides a discussion of findings and comparisons. Finally, Section 6 concludes the study and
outlines future research directions.

2. Literature Review
2.1 Classical Approaches

Classical machine learning techniques have formed the foundation of cyberbullying detection research, with several
studies investigating both conventional classifiers and deep learning models for identifying abusive content on social media
platforms. Support Vector Machine (SVM) and Naive Bayes (NB) have been extensively applied to sentiment analysis-
based cyberbullying detection on Twitter (currently X) [11]. By utilizing n-gram features, particularly the 4-gram
representation, the SVM classifier achieved an accuracy of 92.02%, whereas NB attained 81.1%, indicating that SVM
provides better discrimination of textual patterns when appropriate feature representations are employed.

To improve interpretability, an explainable multitask framework named mEXCB was introduced for detecting
cyberbullying in code-mixed social media content [12]. The framework combines Convolutional Neural Networks (CNNs)
with Gated Recurrent Units (GRUSs) and incorporates attention mechanisms at both the word and sub-sentence levels. In
addition to cyberbullying detection, the model performs rationale generation, target identification, and sentiment analysis
within a unified architecture. Experimental evaluation reported improvements of 2.88% in detection accuracy and 4.24%
in rationale identification. Nevertheless, the framework exhibited reduced effectiveness when processing implicit or
sarcastic expressions.

Recurrent Neural Network (RNN)-based models have also been investigated for sentiment-aware cyberbullying
detection [13]. These approaches capture the sequential dependencies within textual conversations and determine message
polarity to identify harmful interactions. Their ability to process contextual information makes them suitable for monitoring
conversations in messaging applications such as WhatsApp.

A comparative analysis involving XGBoost, K-Nearest Neighbors (KNN), Random Forest (RF), Logistic Regression
(LR), Naive Bayes (NB), Support Vector Machine (SVM), and Deep Neural Networks (DNN) demonstrated the benefits
of incorporating sentiment and emotion-related features into the classification process [14]. The integration of emotional
and contextual information significantly enhanced predictive performance, with the best-performing model achieving an
accuracy of 98.90%. These findings emphasize the importance of combining informative feature engineering with robust
classification algorithms.

Data augmentation has also been adopted to improve the generalization capability of cyberbullying detection systems.
A framework integrating Easy Data Augmentation (EDA), sentiment analysis, and SVM for filtering abusive Instagram
comments achieved an accuracy of 92.5% while increasing cross-validation performance by 2.52% [15]. The results
suggest that augmentation strategies can effectively improve model robustness, particularly when training data are limited.

Deep learning approaches have further demonstrated superior performance in comparison with conventional machine
learning techniques. A comparative study employing SVM, NB, and CNN models with n-gram features for Twitter-based
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cyberbullying detection reported that CNN achieved the highest accuracy of 94.43%, outperforming SVM (91.64%) and
NB (81.1%) [16]. This improvement highlights the capability of deep neural networks to automatically extract complex
semantic and contextual features from textual data.

2.2 Quantum Approaches

Quantum machine learning has recently emerged as a promising research direction for addressing complex
optimization and classification problems by exploiting quantum computational principles. Variational Quantum
Eigensolvers (VQESs) utilizes parameterized quantum circuits to approximate eigenvalues and efficiently solve
optimization problems, providing a practical foundation for quantum-enhanced learning algorithms [17], [18].H1:
Servant leadership has a positive effect on the Human Capital Readiness of Kodim units in the national food-security
program.

Among quantum learning paradigms, Quantum Neural Networks (QNNSs) have attracted significant research
interest because of their ability to integrate quantum phenomena into neural computation. Narayanan and Menneer
[19] presented one of the earliest theoretical formulations of QNNs, demonstrating that quantum circuits could emulate
the functionality of classical neural networks. Building upon this concept, Cao et al. [20] introduced quantum neurons
with threshold activation mechanisms that exploit quantum properties such as entanglement and coherence during the
learning process. Subsequently, Schuld et al. [21] proposed quantum perceptron models capable of simulating
activation functions, thereby extending the applicability of quantum neural architectures to supervised classification
tasks.

Several studies have focused on improving the efficiency and scalability of QNNs. Ricks and Ventura [22]
developed training strategies based on minimally entangled qubits to reduce computational complexity while
maintaining classification capability. To enhance learning in high-dimensional feature spaces, Panella and Martinelli
[23] investigated nonlinear quantum circuits for feature mapping and proposed Quantum Neuro-Fuzzy Networks that
combine quantum computation with fuzzy reasoning to achieve more effective decision-making.

Research has also explored quantum memory mechanisms to enhance learning and information retrieval in
quantum systems. Ventura and Martinez [27] introduced a quantum associative memory model that demonstrated
higher storage capacity than conventional associative memories. Trugenberger further improved these models by
incorporating probabilistic retrieval mechanisms, resulting in enhanced memory recall performance [28], [29]. In
another significant contribution, Silva et al. [33 - 35] proposed the Superposition-based Learning Algorithm (SLA),
which integrates Quantum Random Access Memory (QRAM) with weightless neural networks to enable simultaneous
learning and decision-making through quantum superposition principles.

3. Methodology
3.1 Proposed System

This section presents the proposed quantum machine learning-based framework developed for cyberbullying
detection from social media text. The proposed system follows a unified processing pipeline so that all models are
trained and evaluated under identical settings. The workflow consists of five major stages:

0] Text preprocessing,

(i) TF-IDF feature extraction,

(iii) Dimensionality reduction using PCA,

(iv) Quantum model learning (QSVM, QNN, QNLP, QSVD), and

(v) Hybrid decision making using an ensemble of QNN and QSVM.
The overall objective is to learn a mapping from a text sample to its corresponding class label (cyberbullying or non-
cyberbullying) using quantum-inspired learning mechanisms.
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Fig. 1: System Architecture
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3.2 Problem Definition
Let the labelled dataset be expressed as:
D = {(x;, y) Ly 1)
where x; represents the i*" text sample and y; € {0,1} denotes the corresponding class label.
In this study, y; = 1 represents cyberbullying content,
whereas y; = 0 represents normal content. The objective is to learn a classifier f(+) such that:
Vi =f(x), )
where §; denotes the predicted class label for the i*" text sample. The classifier is trained such that 9; matches
the true label y; with maximum correctness under standard evaluation metrics.
3.3 Text Preprocessing

Raw social media posts often contain noisy elements such as hyperlinks, special characters, repeated symbols,
and inconsistent casing. To ensure stable feature representation, each text sample x;is transformed using a
preprocessing function ¢ (+):

x; = ¢(xy), ®3)

Where x; denotes the cleaned text. The preprocessing stage aims to standardize the input while preserving key
linguistic cues that are useful for distinguishing harmful language from normal communication.
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3.4 TF—IDF Feature Extraction

After preprocessing, each text sample is converted into a numerical representation using Term Frequency—
Inverse Document Frequency (TF—IDF). Let t be a term in the vocabulary V and let d denote a document. The term
frequency is computed as:

n(t,d)

Ztlev n (t’, d)

where n(t, d) represents the number of occurrences of term t in document d. The inverse document frequency
is defined as:

tf(t, d) = €))

N

where df(t) denotes the number of documents containing term ¢, and N is the total number of documents. The
TF-IDF weight is computed as:
w(t,d) = tf(¢t, d) - idf(t) (6)

Thus, each preprocessed sample xl' is mapped into a vector:
Vi = [W(tll xil)' W(tZl xi’)' ey W(tmi xi,)] S ]Rm (7)

where m = |V | is the vocabulary size. TF—IDF provides a sparse representation that highlights words that are frequent
in a particular post but uncommon across the dataset, making it suitable for cyberbullying text classification.

3.5 Dimensionality Reduction using PCA

TF-IDF vectors are typically high-dimensional, which increases training time and can introduce redundancy. To obtain
compact representations, Principal Component Analysis (PCA) is applied.

Let V € RV*™ pe the TF—IDF matrix formed by stacking all vectors vi. PCA projects the data into a lower-
dimensional space of k components (k < m) as:

Z=VW, (8)

Where W, R™*¥ contains the top k eigenvectors of the covariance matrix:

1 T
C=5V'V 9)

The final reduced feature vector for each sample is:
Z;, = WIZVL' S ]Rk (10)
This reduction step improves computational efficiency and reduces noise, which is critical when working with sparse
representations of short social media text.

3.6 Quantum Model Learning

After obtaining reduced feature vectors z;, multiple quantum learning models are trained under the same conditions to
ensure a fair comparison. Each model produces a predicted class label:

Vi = fo(zy), (11)

where 0 represents model parameters.

3.6.1 Quantum Support Vector Machine (QSVM)
QSVM performs classification using kernel-based separation in a quantum feature space. Given two samples z; and
Z;, a quantum feature map encodes them as quantum states |®(Z)|, and the kernel is defined as:
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K(zy,z;) = (®(z))|D(z)))|? (12)
The decision function of QSVM can be written as:

N
f@ = sign (Z @K (2,2) + b) (13)

i=1
Where «; are support vector coefficients, and b is the bias term. This formulation enables non-linear separation of
bullying and non-bullying samples in the transformed space.

3.6.2 Quantum Neural Network (QNN)
QNN is implemented using parameterized quantum circuits. For a given input z, the circuit prepares a state:

l(z,0)) = U(z,6)]0) (14)

where U(z,0) is a parameterized unitary transformation. The model prediction is obtained from
measurement of an observable M:

r(y = 1|z) = (¥(z,0)|M|yY(z,6)) (15)

The predicted label is given by thresholding:

L, ply=1[z)>05

y= _ (16)
0, otherwise.
Model parameters are optimized by minimizing binary cross-entropy:
N
1
£0) = =5 > Iy log(p) + (1 = y) log(1 = py)] (7)

i=1

where p; = p(y = 1lz;)

3.6.3 Quantum Natural Language Processing (QNLP)
QNLP aims to model sentence meaning using structured representations that reflect word composition. The document
representation is formed through a composition function:

s = g(ew,r ewyr s €w, ), (18)

Where ew; denotes the embedding of word w; and g(+) captures compositional semantics. The composed vector is

mapped into a quantum state and classified through measurement-based decision rules. QNLP is evaluated in this work to
study whether quantum-based linguistic modelling improves cyberbullying detection performance.

3.6.4 Quantum Singular Value Decomposition (QSVD)
QSVD is included to study decomposition-based quantum learning for text representation. Given the reduced feature
matrix Z, the singular value decomposition is written as:

Z=UzV’ (19)
where X contains singular values that indicate dominant directions of variance. A compact approximation can be
expressed using rank-r components:
Z, =U,x,V (20)
The resulting representations are used to train the classifier and produce the final prediction.

3.7 Hybrid Model (QNN + QSVM)
To improve prediction stability across quantum methods, a hybrid model is proposed by combining QNN and QSVM.
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Let pQNN (y = 1| z) denote the probability predicted by QNN and
pPQSVM(y = 1|z) denotes the probability obtained from QSVM decision scores.

The hybrid score is computed as:

Py =112) = Aponn(y=112) + (1 = N)posvu(y =1 2), (21)

where 0 <A < 1 is a weighting factor. For equal contribution, A = 0.5.
The final hybrid decision is

13 I»‘h,yb(“y =1 | Z) = 051

| . (22)
0, otherwise.

:f;"h,yb —

3.8 Evaluation Metrics
The performance of all models is measured using accuracy, precision, recall, and F1 score, computed from the confusion
matrix terms True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN).

A ~ TP + TN 23
MY = TP ¥ TN + FP + FN (23)
Precision = —— 24

recision = — T FP (24)
Recall = —+— 25
T TP EN (25

F1 _ 2 - Precision - Recall 26
TSCOTe = Tp ecision + Recall (26)

These metrics provide a balanced evaluation of the detection system, ensuring that the model is assessed not only by
overall correctness but also by its reliability in identifying cyberbullying content.

4. Experimental Setup and Results

This section describes the experimental configuration used to evaluate the proposed quantum machine learning
framework for cyberbullying detection. All models are tested using the same preprocessing and feature representation
pipeline to ensure that performance differences are due to the learning strategy rather than differences in data preparation.
The evaluation compares QSVM, QNN, QNLP, QSVD, and the hybrid QNN+QSVM model using standard classification
measures.

4.1 Experimental Setup

The experiments follow a unified workflow consisting of text preprocessing, TF— IDF vectorization, and PCA-based
dimensionality reduction before applying quantum learning models. This design provides a controlled environment in
which each model receives identical input representations.

4.1.1 Text Representation

Each social media post is cleaned and transformed into a TF—IDF feature vector. Since TF—IDF produces a high-
dimensional sparse space, PCA is applied to project the features into a reduced set of components. This step improves
computational efficiency and helps suppress redundant information. Let the final feature representation of sample xi be
denoted as:

zZieRK. 27)

4.1.2 Model Training and Testing

The reduced feature vectors are then used to train and test four quantum models (QSVM, QNN, QNLP, and QSVD), as
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well as the hybrid QNN+QSVM ensemble. All models are trained under identical conditions and evaluated on the same
test set to ensure fairness and reproducibility.

4.1.3 Evaluation Criteria

To obtain a balanced assessment, the models are evaluated using accuracy, precision, recall, and F1-score. These
measures are computed using the confusion matrix statistics TP, TN, FP and FN, as defined in Section 3. The reported
values highlight both overall correctness and the ability to reliably detect cyberbullying samples.

4.2 Results and Comparative Analysis

Table 1 presents the experimental performance of the evaluated quantum models using the proposed cyberbullying
detection pipeline. All models were trained and tested using the same processing workflow, which includes text cleaning,
TF-IDF feature extraction, PCA-based dimensionality reduction, and binary label mapping, where age, ethnicity, gender,
religion, and other cyberbullying are grouped as cyberbullying, while not cyberbullying is treated as non-bullying. The
experimental outcomes demonstrate that the proposed framework provides strong detection performance, while also
revealing clear differences between kernel-driven, decomposition-driven, and circuit-inspired quantum learning
approaches.

Table 1. Comparative Analysis

Model Accuracy (%) Precision (%0) Recall (%) F1-score (%)
QSVM 88.15 92.52 92.23 92.38
QNN 84.12 88.34 91.70 89.99
QNLP 83.85 87.56 92.38 89.90
QSvD 88.08 93.53 90.98 92.24
Hybrid (QNN+QSVM) 87.37 92.06 91.68 91.87

As reported in Table 1, QSVM achieved the best overall performance with an accuracy of 88.15%, precision of
92.52%, recall of 92.23%, and an F1-score of 92.38%. The consistently high precision and recall indicate that QSVM
maintains an effective balance between limiting false alarms and correctly identifying bullying content. This behaviour is
expected from margin-based learning, where the classifier focuses on forming a stable decision boundary in the
transformed feature space obtained after TF—IDF and PCA processing.

The QSVD model produced performance very close to QSVM, achieving 88.08% accuracy and an F1-score of 92.24%.
Notably, QSVD attained the highest precision of 93.53% among all tested models, which reflects fewer false cyberbullying
predictions. This result suggests that the decomposition-based representation can preserve highly discriminative
information even after dimensionality reduction, contributing to clean separation of cyberbullying and non-bullying
classes.

The hybrid QNN+QSVM model achieved 87.37% accuracy with precision of 92.06%, recall of 91.68%, and an F1-
score of 91.87%. Although the hybrid model does not exceed the best standalone accuracy, it demonstrates strong overall
stability, with balanced values across all measures. This indicates that combining a circuit-inspired learner with a kernel-
based classifier can provide reliable predictions and reduce dependence on a single modelling strategy.

QNN and QNLP obtained competitive results, with accuracies of 84.12% and 83.85%, respectively, and F1-scores close
to 90%. The recall obtained by QNLP (92.38%) was the highest among all models, indicating that it is highly sensitive to
bullying-related content and is less likely to miss bullying instances. However, this high recall is accompanied by relatively
lower precision (87.56%), suggesting an increased number of false positives. Similarly, QNN achieved strong recall
(91.70%), but its precision (88.34%) remained lower than the leading methods, indicating that a portion of non-bullying
content may be incorrectly flagged as bullying.

Figure 2 illustrates the binary class distribution used for evaluation. The performance comparison across accuracy is
visualized in Figure 3, where QSVM and QSVD appear as the best-performing standalone models. Figure 4 further
highlights metric-level behavior, showing that QSVM provides consistently high precision and recall, while QSVD offers
the strongest precision, and QNLP provides the strongest recall. These trends confirm that the proposed pipeline supports
reliable cyberbullying detection and that the most effective models provide balanced behaviour across evaluation measures
rather than optimizing accuracy alone.
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Fig. 2 Binary class distribution of the cyberbullying dataset after label mapping.
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Fig. 3 Accuracy comparison of the evaluated quantum models for cyberbullying detection.
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Fig. 4 Precision, recall, and F1-score comparison across the evaluated quantum models.
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In addition to metric-level comparisons, confusion matrices provide a detailed view of prediction behaviour.
Figures 5-9 show the raw confusion matrices, whereas Figures 10-14 present the normalized confusion matrices. The
normalized plots are particularly useful for observing class-wise prediction patterns, confirming that the leading
models reduce both false positives and false negatives compared to weaker baselines.

Fig. 5 Confusion matrix of the QSVM classifier.
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Fig. 6 Confusion matrix of the QNN classifier.
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Fig. 7 Confusion matrix of the QNLP classifier.
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Fig. 8 Confusion matrix of the QSVD classifier.
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Fig. 9 Confusion matrix of the hybrid QNN+QSVM model.
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Fig. 10 Normalized confusion matrix of QSVM showing class-wise prediction proportions.
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Fig. 11 Normalized confusion matrix of QNN showing class-wise prediction proportions.
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Fig. 12 Normalized confusion matrix of QNLP showing class-wise prediction proportions.
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Fig. 13 Normalized confusion matrix of QSVD showing class-wise prediction proportions.
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Fig. 14 Normalized confusion matrix of the hybrid QNN+QSVM model showing class-wise prediction
proportions.
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5. Conclusion

This paper presented a quantum machine learning based framework for cyberbullying detection on social media text
using a consistent and reproducible pipeline comprising text preprocessing, TF—IDF feature extraction, and PCA-based
dimensionality reduction. Four quantum-inspired learning approaches (QSVM, QNN, QNLP, and QSVD) were
implemented and evaluated under identical conditions, along with a hybrid ensemble model that combines QNN and
QSVM to examine the benefit of integrating complementary decision mechanisms.

Experimental results demonstrate that the proposed framework can detect cyberbullying content with high reliability.
Among the standalone models, QSVM achieved the best overall performance, obtaining 88.15% accuracy with 92.52%
precision, 92.23% recall, and an F1-score of 92.38%. QSVD produced comparable accuracy (88.08%) and delivered the
highest precision (93.53%), indicating fewer false cyberbullying predictions and confirming the strength of decomposition-
based representations in the reduced feature space. The hybrid QNN+QSVM model achieved 87.37% accuracy with a
balanced performance profile (F1-score of 91.87%), validating that ensemble integration can maintain stable detection
behaviour across evaluation measures. While QNN and QNLP reported slightly lower overall accuracy, both achieved
strong recall values, showing their capability to identify bullying instances effectively. Overall, the findings confirm that
kernel-based and decomposition-driven quantum models provide strong and consistent performance for cyberbullying
detection under the proposed pipeline, while hybrid modelling offers a practical alternative when a balanced precision—
recall trade-off is required. Future work will focus on extending the study to larger multilingual datasets, incorporating
contextual sentence representations beyond TF-IDF, and investigating optimized quantum circuit designs and hybrid
quantum-—classical training strategies to further improve generalization and reduce false alarms in real-world deployments.
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