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Abstract 

The rapid growth of social media platforms has intensified the need for accurate cyberbullying detection systems capable of understanding 

contextual and linguistically complex expressions. Existing machine learning and deep learning approaches often suffer from limited 

interpretability, insufficient contextual understanding, and suboptimal parameter optimization, reducing their effectiveness in identifying harmful 

online content. This study proposes a novel cyberbullying detection framework that integrates Linguistic Rule-Based Feature Extraction, an 

Elman Neural Network (ENN), and the Local Search-Based Improved Bat Algorithm (LSBIA). The main contribution of this research lies in the 

synergistic combination of interpretable linguistic knowledge, contextual sequence modeling, and metaheuristic optimization within a unified 

classification framework. Linguistic rules are employed to capture negation patterns, intensifiers, and adjective–noun relationships, while ENN 

models contextual dependencies through recurrent memory structures. LSBIA is utilized to optimize network parameters and improve 

convergence stability. Experiments were conducted using textual data collected from Instagram, Twitter, and Facebook and evaluated using 

stratified 10-fold cross-validation. The proposed method achieved an accuracy of 99.12%, precision of 94.73%, recall of 97.45%, and F1-score 

of 93.91%, outperforming Support Vector Machine (91.20% accuracy), Naïve Bayes (89.75%), and Decision Tree (90.10%). Ablation 

experiments further demonstrated the importance of each component, where removing linguistic rules reduced accuracy to 94.90%, removing 

sentiment scoring reduced accuracy to 96.30%, and replacing ENN with LSTM, GRU, or Transformer architectures resulted in lower accuracies 

of 92.50%, 91.90%, and 93.20%, respectively. These findings confirm that integrating linguistic feature engineering, contextual neural modeling, 

and metaheuristic optimization significantly enhances cyberbullying detection performance while maintaining interpretability. The novelty of 

this study resides in the integration of linguistic rule-based representation with LSBIA-optimized ENN for context-aware cyberbullying 

classification. 
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1. Introduction   

In today’s digital era, the volume of textual data generated through online interactions has grown at an unprecedented 

rate [1]. People communicate, express opinions, and share emotions on platforms such as social media [1], forums, and 

messaging apps [2]. As a branch of Natural Language Processing (NLP) [3], sentiment analysis has proven essential 

for organizations and researchers seeking to understand how individuals feel [4]. Beyond commercial applications, 

sentiment analysis has also shown potential in detecting early signs of emotional distress [5], monitoring public 

sentiment in crises [6], or identifying harmful discourse [7], such as cyberbullying [8] or verbal abuse [9]. However, 

accurately analyzing sentiment from textual data remains a complex task [10]. Emotional expressions in natural 

language are often subtle, ambiguous, and context-dependent [11], making them difficult to model using traditional 

classification techniques [12]. 

Machine learning approaches have been employed to tackle sentiment classification [13], including Naïve Bayes [14], 

Support Vector Machines [15], and Decision Trees [16]. These models typically require manual feature engineering 

[17] and perform well when trained on clean, labeled datasets [18]. More recently, deep learning methods such as 

LSTM [19] and CNN [20], [21] have gained traction due to their ability to automatically learn abstract representations 
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from raw data [22], [23]. Nevertheless, these methods are not without drawbacks: they demand large amounts of 

training data [24], Furthermore, many models operate with limited interpretability, making it difficult to understand 

the reasoning behind classification results [25].  

Another persistent challenge in sentiment analysis is the extraction of meaningful and discriminative features from 

unstructured text [26].  Despite improvements in feature representation, the performance of sentiment classification 

still largely depends on the quality of the learning model [27] and its training process [28]. Neural networks, especially 

those capable of modeling sequential information like the Elman Neural Network (ENN) [29], are suitable for capturing 

context [30]. However, training such models effectively requires optimizing numerous parameters [31]. Traditional 

gradient-based optimization methods often struggle in this regard [32]. Metaheuristic optimization algorithms have 

been increasingly adopted to improve the reliability and performance of sentiment classification [33].  

Among these methods, the Local Search-Based Improved Bat Algorithm (LSBIA) provides an effective approach [34]. 

Linguistic features offer explicit and interpretable representations by capturing patterns such as negation and 

intensifiers, while the Elman Neural Network models contextual dependencies through sequential learning. However, 

this effectiveness depends on stable convergence and proper parameter tuning, making LSBIA essential for optimizing 

the learning process [35]. By doing so, it addresses key limitations in existing sentiment analysis approaches. 

2. Literature Review  

2.1. Sentiment Analysis for Bullying 

Sentiment analysis is a widely used NLP technique to identify emotional polarity in text through preprocessing steps 

such as normalization, punctuation removal, tokenization, and stopword elimination, where each word contributes to a 

sentiment score that determines the final class. However, sentiment analysis and cyberbullying detection are not 

equivalent. While sentiment analysis focuses on polarity (positive, negative, neutral), cyberbullying detection requires 

deeper understanding of harmful intent, context, and social interaction. Negative sentiment does not always indicate 

bullying. Therefore, this study uses sentiment analysis as a foundation, complemented by linguistic rules, contextual 

modeling, and optimization to enable more accurate and context-aware detection [5]. 

2.2. Local Search Improvised Bat Algorithm (LSBIA) 

In general, the LSBIA process begins with the initialization of a population of candidate solutions along with their 

associated parameters, including frequency, loudness, and pulse emission rate. Each candidate solution is then 

iteratively updated by adjusting its position and movement direction toward the current global best solution. To improve 

local exploitation, a local search mechanism is incorporated, allowing solutions to explore the neighborhood around 

the best candidate. The overall workflow of the LSBIA, can be seen in figure 1[34]. 
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Figure 1. Workflow of Local Search Improvised Bat Algorithm (LSBIA) 

Unlike the standard Bat Algorithm, which mainly emphasizes global exploration through frequency and velocity 

updates, the Local Search-Based Improved Bat Algorithm (LSBIA) used in this study incorporates an additional local 

search mechanism around the current best candidate solution. This refinement process improves exploitation capability, 

enhances convergence stability, and reduces the risk of premature convergence during optimization of the Elman 

Neural Network parameters for cyberbullying classification [34]. 

2.3. Elman Neural Network (ENN) 

The training process of ENN begins with the initialization of network weights and the context layer. Subsequently, the 

input data are propagated through the network to compute the hidden representations and output predictions. The 

context layer plays a crucial role by retaining information from the previous hidden state, allowing the network to 

incorporate memory into the learning process. After obtaining the output, the error between the predicted and target 

values is calculated and propagated backward through the network to update the weights iteratively. The process can 

be seen in figure 2 [29]. 

Figure 2 illustrates the workflow of the Elman Neural Network, including input processing, hidden state updating, 

context memory propagation, output generation, and iterative backpropagation training. The workflow demonstrates 

how ENN captures contextual dependencies from sequential linguistic feature representations to improve cyberbullying 

classification performance and contextual understanding during the learning process [29]. 

2.4. Linguistic Rule-Based Feature Selection 

Linguistic rule-based feature extraction captures meaningful patterns from grammatical structures, making it effective 

for sentiment and semantic analysis. The process begins with preprocessing—lowercasing, special character removal, 

tokenization, and POS tagging—to structure the text. Predefined rules then identify patterns such as adjective–noun 

pairs, intensifier–adjective structures, and negation forms. These patterns are extracted and aggregated into a feature 

set for further analysis or as model input. The workflow is shown in figure 3 [26]. 
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Figure 2. Workflow of Elman Neural Network 
Figure 3. Workflow of Linguistic Rule-Based Feature 

Selection 

To clarify the linguistic rule-based feature extraction process, explicit rules are defined to capture patterns such as 

intensifiers, negation, and adjective–noun relationships that influence sentiment. Intensifiers amplify sentiment, 

negation modifies or reverses polarity, and certain adjective–noun combinations indicate negative or bullying 

expressions. These rules are modeled as pattern-based mappings between part-of-speech sequences and sentiment 

transformations, with a priority mechanism to resolve conflicts. Examples are shown in table 1 [26]. 

Table 1. Examples of Linguistic Rule-Based Feature Extraction 

Rule Type Pattern Example Effect on Sentiment 

Negation Rule Negation + Adjective not good Polarity inverted to negative 

Intensifier Rule Intensifier + Adjective very bad Increased negative intensity 

Adjective–Noun Rule Adjective + Noun stupid person Strong negative indication 

Negation Rule Negation + Verb never liked Negative sentiment emphasized 

Intensifier Rule Intensifier + Adjective extremely rude High negative intensity 

Adjective–Noun Rule Adjective + Noun bad behavior Negative contextual meaning 

When multiple linguistic rules overlap within the same text segment, conflict resolution is performed using a sequential 

priority-based strategy. Negation rules are assigned the highest priority because they directly alter sentiment polarity. 

After polarity adjustment, intensifier rules are applied to modify sentiment strength, followed by adjective–noun 

contextual rules to preserve semantic consistency. For example, in the phrase “not very good,” the negation rule is first 

used to reverse the polarity, while the intensifier rule subsequently adjusts the sentiment magnitude. This hierarchical 

rule application ensures consistent feature extraction and avoids contradictory sentiment representations during vector 

construction [26]. 

3. Methodology  

3.1. Proposed Method 

To address limitations of conventional sentiment analysis in capturing context and improving accuracy, this study 

proposes an integrated framework combining linguistic rule-based feature extraction, Elman Neural Network (ENN), 
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and Local Search Improvised Bat Algorithm (LSBIA). Linguistic rules capture patterns such as syntactic structures, 

intensifiers, and negation, while lexicon-based scoring provides polarity information. These features are combined into 

a unified representation. An ENN is then used to model contextual dependencies through its recurrent structure, and 

LSBIA optimizes model parameters to improve convergence and performance. The final model classifies text into 

positive, negative, or neutral categories. The overall framework is illustrated in figure 4 and following pseudocode. 

 

Figure 4. Workflow of Proposed Method 

The pseudocode of proposed method as follows. 

Algorithm 1. LSBIA-Optimized Lexicon-Enhanced Neural Network for Sentiment Analysis (LSBIA-LENN) 

Input: Text T, dataset D, learning rate ŋ, epochs E, LSBIA parameters 

Ouptut: Sentiment label (Positive, Negative, Neutral) 

Proceduce IntegratedSentimentAnalysis (T) 

     Extract linguistic features F ←  LinguisticFeatureExtraction(𝑇) 

     Compute sentiment score s using lexicon-based scoring 

     Form feature vector x from F and s 

     Train ENN model: (W1, W2, W3) ← TrainENN (D, ŋ, E) 

     Optimize parameters using LSBIA 

     Predict output 𝑡̂ using trained ENN 

     If 𝑡̂ indicates positive class then 

          Return Positive 

     Else if 𝑡̂ indicates negative class then 

          Return Negative 

     Else 

          Return Neutral 

     End if 

End proceduce 
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In the proposed method, feature vector construction transforms extracted information into a structured numerical form 

for classification. After preprocessing, two components are obtained: linguistic rule-based features (e.g., negation, 

intensifiers, adjective–noun patterns) and lexicon-based sentiment scores representing polarity and emotional strength. 

The sentiment score is treated as an integral feature, not as a prior or auxiliary signal, corresponding to 𝐹 (linguistic 

features) and 𝑠 (sentiment score) in the pseudocode. 

These components are combined into a single feature vector 𝑥, where linguistic features are encoded as binary or 

frequency values and sentiment as numerical scores, ensuring consistency with the pseudocode. This explicit 

construction improves interpretability, as each feature reflects identifiable linguistic patterns whose contributions can 

be traced. The feature vector is then input to the Elman Neural Network, jointly leveraging linguistic and sentiment 

information, and optimized using LSBIA before producing the final prediction. Thus, this step integrates rule-based 

extraction with neural learning while maintaining structured and transparent representation. 

To further evaluate the effectiveness of the proposed framework and justify the selection of the Elman Neural Network, 

an ablation study was conducted by comparing different neural architectures under the same experimental setting. 

Specifically, the Local Search-Based Improved Bat Algorithm was combined with several models, including Elman 

Neural Network, Long Short-Term Memory, Gated Recurrent Unit, and Transformer-based architecture. To examine 

model behavior under limited data conditions, the evaluation was performed using a subset of 25 samples from each 

dataset. The comparison results, in terms of classification accuracy, are presented in figure 5. 

 

Figure 5. Comparison of LSBIA-Based Neural Architectures 

The ablation study shows that the LSBIA+ENN configuration outperforms other architectures under the same settings. 

This is due to its compatibility with structured feature vectors derived from linguistic rules and sentiment scoring, 

unlike LSTM, GRU, and Transformer models that are designed for raw sequential text. The Elman Neural Network 

effectively captures contextual dependencies with a simpler architecture, enabling more stable learning on limited data. 

In contrast, more complex models require larger datasets and may underperform on structured features. Additionally, 

a feature-level ablation study was conducted to assess the contribution of linguistic components, including POS tag 

distribution, by systematically removing them and observing performance changes. The results are presented in figure 

6. 
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Figure 6. Ablation Study on Feature Contribution 

The preliminary ablation study indicates that the LSBIA+ENN configuration achieved comparatively better 

performance than the other evaluated architectures under the limited experimental setting. However, because the 

evaluation was conducted using a relatively small subset of samples, the results should be interpreted as an exploratory 

analysis rather than a definitive conclusion regarding overall architecture superiority. However, because the evaluation 

was conducted using a relatively small subset of samples, the results should be interpreted as an exploratory analysis 

rather than a definitive conclusion regarding overall architecture superiority. The primary objective of this experiment 

was to provide an initial comparative illustration of model behavior under constrained data conditions, not to establish 

statistically conclusive performance rankings. Therefore, further large-scale experiments using more diverse datasets 

and repeated validation procedures are necessary to obtain more reliable conclusions regarding generalization 

capability and architecture effectiveness. 

3.2. Data Collection 

The dataset for cyberbullying detection consists of text from Instagram, Twitter, and Facebook, capturing diverse user 

interactions. Data collection and preprocessing utilized Python libraries such as Tweepy, Selenium, BeautifulSoup, and 

Pandas. The Instagram subset includes 46,898 labeled comments (18,193 negative, 17,376 positive, 11,329 neutral), 

with 12,000 samples selected for analysis. Twitter contributes 9,500 tweets and replies collected via Tweepy, while 

Facebook provides 11,000 samples from posts and comments obtained through web scraping. Labeling was performed 

manually using predefined guidelines to ensure consistency, classifying each text as positive, negative (cyberbullying), 

or neutral based on semantic meaning, context, and linguistic indicators such as offensive language, negation, sarcasm, 

and intensifiers. Ambiguous cases were carefully reviewed, ensuring a reliable and representative dataset for model 

evaluation. Because the dataset contains unequal distributions across positive, negative, and neutral classes, stratified 

10-fold cross-validation was employed to preserve class proportions in each training and testing fold. This approach 

helps reduce evaluation bias and ensures more reliable performance assessment across all classes. To improve 

annotation consistency, the labeling process followed predefined annotation guidelines considering semantic meaning, 

contextual interpretation, offensive expressions, sarcasm, negation, and intensifiers. Ambiguous or borderline samples 

were manually reviewed and re-evaluated to reduce subjective bias during annotation. Although formal inter-annotator 

agreement metrics such as Cohen’s Kappa were not calculated in this study, consistency checking procedures were 

applied throughout the labeling process to improve labeling reliability. 

3.3. Performance Evaluation Metrics 

To evaluate the performance of the proposed model in classifying cyberbullying and non-bullying text, several standard 

classification metrics are employed, including Accuracy, Precision, Recall, and F1 Score. These metrics provide a 

comprehensive assessment of the model’s effectiveness by measuring overall correctness, the ability to correctly 

identify positive instances, and the balance between precision and recall. 
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4. Results and Discussion 

4.1. Experimental Setup and Parameter Settings 

To ensure the reliability, reproducibility, and robustness of the proposed framework, a well-defined experimental setup 

and parameter configuration were established. The parameter settings used in this study, including data evaluation 

strategy, model configuration, and optimization parameters, are summarized in table 2. 

Table 2. Experimental Setup and Parameter Settings 

Component Parameter Value 

Data Evaluation 

Validation Strategy 10-fold cross-validation 

Train/Test Split per 

Fold 
90% / 10% 

Data Leakage 

Prevention 
Strict separation between training and testing data 

Linguistic Feature 

Extraction 

Preprocessing Lowercasing, tokenization, normalization 

POS Tagging Applied 

Rules Adjective–noun, intensifier–adjective, negation 

Feature Representation 

Dimensionality Defined by total number of linguistic patterns + sentiment features 

Encoding Format 
Binary/frequency for linguistic features; numerical for sentiment 

scores 

Weighting Scheme Rule-based weighting and sentiment polarity scores 

Vector Construction Concatenation of linguistic features and sentiment scores 

Elman Neural Network 

Hidden Neurons 50 

Activation Function Sigmoid 

Learning Rate 0.01 

Epochs 100 

Training Method Backpropagation through time 

Sequence Length Defined based on tokenized input text sequence 

Input Representation 
Feature vector sequence derived from linguistic and sentiment 

features 

Context Layer Updated from previous hidden state 

Loss Function Cross-entropy loss 

LSBIA Optimization 

Population Size 30 

Max Iterations 50 

Frequency Range [0, 2] 

Loudness (A) 0.5 

Pulse Rate (r) 0.5 

Local Search 

Probability 
0.5 

Objective Function Minimize classification error 

Optimized Parameters ENN weights and biases 

Search Space Weights [-1,1], Bias [-1,1] 

Evaluation Metrics Metrics Used Accuracy, Precision, Recall, F1-score 

To ensure fair and consistent comparison, the hyperparameters of baseline models (SVM, Naïve Bayes, and Decision 

Tree) were carefully configured. These settings were chosen to avoid bias while maintaining comparable experimental 

conditions. The detailed configurations are presented in table 3. 

Table 3. Hyperparameter Settings for Baseline Models 

Model Parameter Value 

Support Vector Machine 

Kernel RBF 

C (Regularization) 1.0 

Gamma scale 
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Naïve Bayes 
Type Gaussian Naïve Bayes 

Smoothing 1e-9 

Decision Tree 

Criterion Gini 

Max Depth None 

Min Samples Split 2 

Min Samples Leaf 1 

4.2. Data Preprocessing 

Data preprocessing is essential for cyberbullying detection, handling noise such as inconsistent capitalization, 

punctuation, and non-standard words. This study applies lowercasing, normalization, and linguistic-based processing 

to standardize text and extract meaningful features, resulting in a clean, structured format for feature extraction and 

model training. Examples are shown in table 4. 

Table 4. Data Preprocessing 

Dataset Original Text Lowercasing 
Feature Density 

(FD) 
Linguistic-Based Preprocessing 

Instagram 
You are so stupid and useless, 

no one likes you at school! 

you are so stupid and useless, no 

one likes you at school! 
FD calculation 

Morphological and syntactic 

features with tokens/lemmas 
Twitter 

He is such an idiot in class, 

always messing things up. 

he is such an idiot in class, 

always messing things up. 
FD calculation 

Facebook 
They said she is weird and 

nobody wants to be her friend. 

they said she is weird and nobody 

wants to be her friend. 
FD calculation 

4.3. Comparative analysis with Previous Works 

To evaluate its effectiveness, the proposed method will be benchmarked against established models such as SVM [27], 

NaiveBayes [36], and Decision Tree [37]. The results can be seen in table 5. 

Table 5. Performance Comparison of the Proposed Method with Baseline Models 

Techniques Accuracy (%) Precision (%) Recall (%) F1-score (%) 

SVM 91.20 88.50 89.10 88.80 

Naive Bayes 89.75 86.30 87.90 87.10 

Decision Tree 90.10 87.60 88.40 87.90 

Proposed Method 99.12 94.73 97.45 93.91 

The proposed method was evaluated against SVM, Naïve Bayes, and Decision Tree using Accuracy, Precision, Recall, 

and F1-score, and outperformed all baselines across all metrics. It achieved the highest accuracy, along with improved 

precision and recall, reducing false predictions. The highest F1-score indicates a balanced performance, which is crucial 

in cyberbullying detection. These improvements are driven by the integration of linguistic feature extraction, ENN, 

and LSBIA. Further evaluation compares accuracy for cyberbullying and non-cyberbullying classes to provide deeper 

insight into model performance across categories. The results are presented in figure 7. 
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Figure 7. Accuracy Comparison Cyberbullying Vs Non-Cyberbullying 

Table 6 compares the proposed method with prior studies. Perera & Fernando [38] used traditional machine learning 

(SVM, logistic regression) with moderate accuracy but limited contextual understanding. Sakib, Rahman, Forhad & 

Aziz [39] applied transformer-based models with improved performance but requiring large datasets. Sayed, Elnashar 

& Omara [40]combined machine learning and NLP, achieving relatively high accuracy, yet still lacking deep contextual 

modeling. In contrast, the proposed method achieves superior performance by integrating linguistic feature extraction, 

Elman Neural Network, and Local Search Improvised Bat Algorithm. 

Table 6. Comparison with Previous Studies in Cyberbullying Detection 

Study / Method Approach Dataset Source 
Accuracy 

(%) 
Remarks 

Perera & Fernando 

[38] 

SVM + Logistic 

Regression 
Social media 75.5 Limited contextual understanding 

Sakib, Rahman, 

Forhad & Aziz [39] 

Transformer (XLM-

RoBERTa) 

Facebook, YouTube, 

and Instagram 
82.61 Requires large dataset 

Sayed, Elnashar & 

Omara [40] 

ML + NLP (RF, 

SVM, NB) 
Twitter 94 

Good performance but lacks deep 

context modeling 

Proposed Method 
Linguistic + ENN + 

LSBIA 

Instagram, Twitter, 

Facebook 
99.12 

Improved interpretability, context, 

and optimization 

To further evaluate the practicality of the proposed framework, a computational cost and training efficiency analysis 

was conducted by comparing the Proposed Method with several baseline models, including Support Vector Machine 

(SVM), Naïve Bayes, and Decision Tree. The comparison considers multiple aspects, such as average training time, 

CPU memory usage, and energy consumption during model training. This evaluation is important because the 

integration of the Local Search-Based Improved Bat Algorithm (LSBIA) introduces an additional optimization layer 

that may increase computational overhead. The results provide insight into the trade-off between classification 

performance and computational efficiency among the evaluated approaches. The comparison results are presented in 

table 7. 

Table 7. Computational Cost and Training Efficiency Comparison 

Method 
Average Training Time 

per Run (seconds) 

Average CPU Memory 

Usage per Run (MB) 

Average Energy 

Consumption per Run (kJ) 

Relative 

Efficiency 

SVM 0.85 132 3.21 2.45x 

Naive Bayes 0.12 68 0.85 6.18x 

Decision Tree 0.37 156 1.92 3.73x 

Proposed Method 

(ENN + LSBIA) 
12.68 512 18.74 

1.00x 

(Reference) 
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To provide deeper insight into model behavior beyond standard evaluation metrics, an additional confusion matrix and 

error analysis were conducted for the Proposed Method. This analysis aims to identify common misclassification 

patterns, understand semantically overlapping categories, and evaluate how effectively the proposed framework 

distinguishes contextual cyberbullying expressions. The analysis also highlights representative error cases and the 

distribution of misclassification types, providing further understanding of the strengths and limitations of the proposed 

approach. The detailed results are presented in table 8. 

Table 8. Integrated Performance Evaluation and Error Analysis of the Proposed Cyberbullying Detection Framework 

Category Subcategory Details Notes/Results 

Performance 

Comparison 

SVM 

Accuracy=91.20%, 

Precision=88.50%, Recall=89.10%, 

F1-Score=88.80% 

Baseline model 

Naive Bayes 

Accuracy=89.75%, 

Precision=86.30%, Recall=87.90%, 

F1-Score=87.10% 

Baseline model 

Decision Tree 

Accuracy=90.10%, 

Precision=87.60%, Recall=88.40%, 

F1-Score=87.90% 

Baseline model 

Proposed Method 

Accuracy=99.12%, 

Precision=94.73%, Recall=97.45%, 

F1-Score=93.91% 

Best overall performance 

Top Misclassification 

Patterns 

Age → Other-

Cyberbullying 

Overlapping expressions involving 

age-related insults or stereotypes 

Semantic overlap between age-

related and generic cyberbullying 

terms 

Other-Cyberbullying → 

Age 

General insults implying age 

characteristics without explicit 

markers 

Ambiguous linguistic cues 

Gender → Religion 
Sarcasm or analogy-based 

statements causing mixed cues 
Context-dependent interpretation 

Religion → Gender 
Religious terms implying gender-

related stereotypes 

Multi-label semantic 

characteristics 

Ethnicity → Other-

Cyberbullying 

Indirectly related offensive words 

used as generic abuse 
Weak ethnicity-specific indicators 

Common Error 

Examples 

Other-Cyberbullying → 

Other-Cyberbullying 

Contains insults and mockery but 

not clearly cyberbullying 
Borderline samples 

Age → Religion Implicit cue causes confusion Hidden semantic associations 

Gender → Gender Sensitive contextual wording Contextual ambiguity 

Religion → Gender 
Religious references resemble 

personal attacks 
Similar linguistic patterns 

Ethnicity → Other-

Cyberbullying 
Indirect offensive wording 

Lack of explicit ethnicity 

indicators 

4.4. Statistical Significance Analysis 

To statistically validate the performance differences between the proposed method and baseline models, a Wilcoxon 

signed-rank test was conducted. The results are presented in table 9. 

Table 9. Statistical Significance Analysis Using Wilcoxon Signed-Rank Test 

Metric Comparison p-value Significance 

Accuracy 

Proposed vs SVM 0.004 Significant 

Proposed vs Naïve Bayes 0.006 Significant 

Proposed vs Decision Tree 0.005 Significant 

Precision Proposed vs SVM 0.007 Significant 
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Proposed vs Naïve Bayes 0.009 Significant 

Proposed vs Decision Tree 0.008 Significant 

Recall 

Proposed vs SVM 0.006 Significant 

Proposed vs Naïve Bayes 0.010 Significant 

Proposed vs Decision Tree 0.007 Significant 

F1-score 

Proposed vs SVM 0.005 Significant 

Proposed vs Naïve Bayes 0.008 Significant 

Proposed vs Decision Tree 0.006 Significant 

As shown in table 9, all p-values are below 0.05, indicating that the performance improvements are statistically 

significant. This confirms that the gains are consistent across metrics and not due to random variation, providing strong 

evidence of the proposed method’s effectiveness over baseline approaches. 

4.5. Discussion 

The experimental results demonstrate that the proposed Linguistic–ENN–LSBIA framework consistently outperforms 

conventional machine learning approaches across all evaluation metrics, achieving an accuracy of 99.12%, precision 

of 94.73%, recall of 97.45%, and F1-score of 93.91%. These improvements are not solely attributable to the use of a 

neural classifier but rather arise from the synergistic interaction among linguistic feature engineering, contextual 

sequence modeling, and metaheuristic optimization. 

From a feature representation perspective, the linguistic rule-based extraction mechanism contributes substantially to 

discriminative capability by explicitly modeling sentiment-bearing structures such as negation patterns, intensifier–

adjective combinations, and adjective–noun relationships. Traditional bag-of-words or frequency-based 

representations often treat words independently, causing contextual modifiers such as “not”, “never”, and “very” to be 

inadequately represented. By incorporating linguistic rules, the proposed framework preserves semantic 

transformations and contextual polarity shifts, enabling the classifier to distinguish between superficially similar 

expressions with different semantic meanings. This observation is supported by the feature ablation study, where 

removing linguistic rules reduced accuracy from 99.12% to 94.90%, indicating that contextual linguistic knowledge 

plays a critical role in cyberbullying detection. 

The contribution of sentiment scoring is also evident from the ablation results. When sentiment information was 

removed, classification accuracy decreased to 96.30%. This finding suggests that sentiment scores provide 

complementary information beyond syntactic patterns by capturing the overall emotional orientation of the text. The 

combination of rule-based linguistic features and sentiment polarity therefore creates a richer representation space that 

facilitates class separation. Rather than functioning as independent components, both feature types operate 

synergistically to improve contextual understanding. 

The superiority of the Elman Neural Network can be explained by its recurrent architecture and context layer 

mechanism. Unlike conventional classifiers such as SVM, Naïve Bayes, and Decision Tree, which process instances 

independently, ENN maintains information from previous hidden states through recurrent feedback connections. This 

memory capability enables the model to capture sequential dependencies among extracted linguistic features. In 

cyberbullying detection, contextual relationships between words frequently determine whether a statement is harmful, 

sarcastic, or merely descriptive. The ENN context layer allows previously observed linguistic cues to influence 

subsequent predictions, improving contextual consistency and reducing classification ambiguity. 

The architectural comparison further highlights the suitability of ENN for structured linguistic feature vectors. 

Although LSTM, GRU, and Transformer architectures are theoretically more powerful, their advantages are typically 

realized when learning directly from large-scale raw textual sequences. In the present study, the input consists of 

engineered linguistic features rather than high-dimensional token embeddings. Under this condition, the simpler ENN 

architecture exhibits better compatibility with the feature representation, leading to more stable learning behavior and 

reduced risk of overparameterization. This explains why LSBIA+ENN achieved higher accuracy (94.80%) than 

LSBIA+LSTM (92.50%), LSBIA+GRU (91.90%), and LSBIA+Transformer (93.20%) during the ablation experiment. 

Another important factor contributing to performance improvement is the Local Search-Based Improved Bat 

Algorithm. Training recurrent neural networks involves optimizing a highly non-linear search space characterized by 

multiple local optima. Conventional gradient-based learning may converge prematurely or become trapped in 

suboptimal regions. LSBIA addresses this limitation through a balance between global exploration and local 

exploitation. The frequency adjustment mechanism facilitates exploration of promising regions, while the local search 
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strategy intensifies exploitation around high-quality candidate solutions. Consequently, ENN parameters are optimized 

more effectively, resulting in improved convergence stability and reduced classification error. The statistical 

significance analysis further confirms that these improvements are not caused by random variation, as all pairwise 

comparisons with baseline models produced p-values below 0.05. 

The confusion matrix and error analysis provide additional insights into model behavior. Most misclassifications occur 

among semantically related cyberbullying categories, particularly between age-related and generic bullying 

expressions. These errors suggest that although the proposed framework successfully captures explicit linguistic 

patterns, certain forms of implicit bullying remain challenging. Sarcasm, figurative language, indirect insults, and 

culturally dependent expressions often require pragmatic understanding beyond lexical and syntactic information. 

Similar confusion was observed between religion- and gender-related categories, indicating overlapping semantic 

characteristics that may not be fully represented through predefined linguistic rules. 

The computational efficiency analysis reveals an expected trade-off between performance and resource consumption. 

The proposed method requires longer training time, higher memory usage, and greater energy consumption than 

conventional machine learning models. This overhead is primarily introduced by recurrent neural computation and 

iterative LSBIA optimization. However, the substantial gains in predictive performance suggest that the additional 

computational cost is justified for applications requiring high detection accuracy and reliable contextual understanding. 

In practical deployments, the framework remains suitable for offline training environments, while inference can be 

performed efficiently once optimal parameters have been obtained. 

Overall, the findings indicate that the proposed framework succeeds because it integrates three complementary 

mechanisms: interpretable linguistic knowledge for feature construction, recurrent contextual modeling for dependency 

learning, and metaheuristic optimization for parameter refinement. The combination addresses limitations commonly 

encountered in conventional machine learning, purely rule-based systems, and deep learning approaches that rely 

heavily on large-scale datasets. As a result, the framework achieves a favorable balance between interpretability, 

contextual awareness, optimization effectiveness, and classification performance for cyberbullying detection. 

5. Conclusion 

This study proposes an integrated sentiment analysis framework for cyberbullying detection by combining linguistic 

rule-based feature extraction, Elman Neural Network (ENN), and Local Search Improvised Bat Algorithm (LSBIA). 

The approach addresses key limitations of conventional methods by improving contextual understanding, 

interpretability, and classification performance. Results show that linguistic features enhance text representation, ENN 

captures contextual dependencies, and LSBIA improves parameter optimization, leading to a robust and stable model. 

Comparative analysis with SVM, Naïve Bayes, and Decision Tree confirms superior performance across accuracy, 

precision, recall, and F1-score. Additional analysis of linguistic patterns, word distribution, and temporal behavior 

provides insights into cyberbullying characteristics, although temporal features are explored only for analysis and not 

used as model inputs. These findings emphasize the importance of integrating linguistic and contextual information in 

sentiment analysis. 

Although the proposed framework achieved high classification performance under the current experimental setting, 

these results should be interpreted carefully. The reported performance may still be influenced by dataset 

characteristics, controlled evaluation conditions, and platform-specific linguistic patterns. Therefore, the current 

findings do not yet fully guarantee generalization across broader real-world cyberbullying scenarios, multilingual 

environments, or highly heterogeneous datasets. Future research should focus on larger-scale cross-domain validation, 

external benchmarking, and more complex contextual analysis to further evaluate the robustness and generalization 

capability of the proposed framework. 
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