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Abstract
Cyberbullying detection faces dual challenges: severe class imbalance (minority <15%) and
systematic demographic bias. These problems are deeply intertwined—models trained on
imbalanced data exploit spurious correlations between demographic markers and labels.

This work presents an integrated framework addressing both jointly. Bias-aware hybrid
sampling combines SMOTE-Tomek and ADASYN with demographic tracking, reducing
imbalance from 6.79:1 to 1.28:1. A dual CNN-BiLSTM with 8-head attention operates over
492d enriched embeddings. Composite loss with adaptive weighting incorporates focal loss,
demographic parity penalties, and equalized odds constraints.

Evaluation on 448,873 samples shows 88.9% F1 with 86.7% minority recall. Demographic
parity improved 96.7% (from −0.212 to −0.0055), equalized odds 77.1%, disparate impact
41.8%. Cross-platform validation shows F1 degradation ≤ 0.6%. Versus transformers: 9×
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fewer parameters (12M vs. 110M+), 8× faster inference (23ms vs. 187ms), 94% superior
fairness (𝑝 < 0.0003). Results challenge conventional fairness-accuracy tradeoffs.

Keywords: Cyberbullying detection, Fairness in machine learning, Class imbalance, Bias
mitigation, Natural language processing, Deep learning, SMOTE,ADASYN,Attentionmech-
anism.

1. INTRODUCTION

Cyberbullying detection systems face a fundamental challenge: severe class imbalance and demo-
graphic bias are deeply intertwined problems that current approaches fail to address jointly. Digital
harassment affects 37% of young people aged 12–17, with 15% facing severe harassment [1]. Given
billions of messages daily across platforms, automated detection is essential for effective content
moderation.

Current systems face two interconnected challenges. First, real-world datasets exhibit severe class
imbalance with cyberbullying instances under 15% of content and imbalance ratios of 6:1 to 20:1
[2], as illustrated in FIGURE 1. Standard classifiers achieve high overall accuracy but fail to detect
minority class instances—the very cases that matter most. Second, systems exhibit systematic
demographic bias, with content mentioning minority identities flagged 1.5–2 times more frequently
[3–5]. Pre-trained models amplify these biases [6], producing higher false positive rates for already
vulnerable communities (FIGURE 2).

Non-Bullying
(85%)

85.0%

Cyberbullying
(15%)

15.0%

Real-World Dataset
Imbalance Ratio: 6.79:1

Non-Bullying
(56%)

56.0%

Cyberbullying
(44%)44.0%

After Hybrid Sampling
Imbalance Ratio: 1.28:1

Figure 1: Class imbalance problem in real-world cyberbullying datasets. Left: Severe imbalance
(6.79:1 ratio) in original data. Right: Balanced distribution after bias-aware hybrid
sampling (1.28:1 ratio), enabling effective minority class learning.

These challenges are causally linked, as shown in FIGURE 3. With limited positive examples,
models exploit spurious correlations between demographic markers and class labels, overfitting on
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Figure 2: Demographic bias in cyberbullying detection systems. Baseline models exhibit 2×
higher false positive rates for minority content compared to majority content. Proposed
framework achieves near-uniform error rates across demographic groups.

demographic signals rather than genuine toxicity. Standard oversampling (SMOTE, ADASYN)
operates without demographic consideration, propagating existing biases.

Causal Relationship: Class Imbalance  Demographic Bias

Class Imbalance
Minority: 15%
Ratio: 6.79:1

Mechanism:
Limited positive samples

 Model exploits
spurious correlations

Demographic Bias
DPD: -0.212

2× higher FPR

Consequences of Joint Problem:

1. Poor minority class detection
    Actual harmful content missed

2. Systematic overfitting on demographics
    Higher false positives for minorities

3. Amplified bias in predictions
    Vulnerable populations silenced

 Solution: Joint Optimization (Not Sequential Treatment)
Address imbalance WITH demographic awareness  Break causal chain
Result: Both problems improve simultaneously (88.9% F1, 96.7% DPD reduction)

Figure 3: Causal relationship between class imbalance and demographic bias. Limited minority
class samples force models to exploit spurious demographic correlations, amplifying bias.
Sequential treatment fails; joint optimization breaks the causal chain.
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Existing approaches address either imbalance or fairness separately but not jointly. SMOTE [7],
ADASYN [8], and Borderline-SMOTE remain demographic-blind when applied to text. Fairness-
aware oversampling [9, 10] shows limited integrationwith deep architectures. Adversarial debiasing
[11, 12] performs poorly under severe imbalance. BERT/RoBERTa debiasing [6, 13] sacrifices 3–
5% accuracy for fairness gains.

This work presents an integrated framework addressing imbalance and fairness jointly through
bias-aware hybrid sampling, dual CNN-BiLSTM with 8-head attention, and composite loss with
adaptive weighting (FIGURE 4). The framework achieves 88.9% F1 with 86.7% minority recall
while improving fairness substantially. Compared to transformers, the model is 9× smaller, 8×
faster, with 94% better fairness.

Proposed Framework Architecture

Component 1:

Bias-Aware
Hybrid Sampling

Component 2:

CNN-BiLSTM
+ Attention

Component 3:

Composite Loss
+ Fairness

 SMOTE-Tomek

 ADASYN

 Demographic

  Tracking

  6.79:1  1.28:1

 8-head Attention

 492-dim Embeddings

 CNN + BiLSTM

 12M Parameters

  9× smaller than BERT

 Focal Loss

 Demographic Parity

 Equalized Odds

 Adaptive 

  Joint Optimization

Key Results

 88.9% F1-score
 96.7% DPD reduction
 8× faster inference

 86.7% minority recall
 77.1% EOD improvement
 Cross-platform valid.

Input: Imbalanced + Biased Data    Output: Fair + Accurate Predictions

Figure 4: Proposed framework architecture overview. Three integrated components: (1) bias-
aware hybrid sampling for balanced data, (2) CNN-BiLSTM-Attention for representation
learning, (3) composite loss with fairness constraints. Joint optimization yields
simultaneous improvements in accuracy and fairness.

2. RELATEDWORK

Early cyberbullying detection used keyword matching with high precision but low recall. Classical
ML with TF-IDF features achieved F1-scores around 76% but required extensive engineering.
Neural architectures (CNNs, LSTMs, attention) provided improvements. Transformers achieved
state-of-the-art performance but with 100M+ parameters and amplified biases.
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Class imbalance techniques (SMOTE, ADASYN) work on tabular data but struggle with high-
dimensional text. Cost-sensitive learning and focal loss provide partial solutions without fairness
considerations. Dixon et al. and Sap et al. documented systematic demographic bias. Mitigation
strategies include pre-processing, in-processing, and post-processing approaches.

Table 1: Comparison of Existing Approaches for Cyberbullying Detection

Approach Method Imbalance Fairness F1 Params
Handling Aware (M)

SMOTE [7] Oversampling 3 7 0.78 –
ADASYN [8, 14] Adaptive sampling 3 7 0.79 –
Cost-sensitive [15] Loss weighting 3 7 0.76 –
Focal Loss [16, 17] Loss function 3 7 0.81 –
Adversarial [11] Debiasing 7 3 0.74 45
Fair-SMOTE [9, 10] Fair sampling 3 3 0.77 –
BERT debiased [6] Fine-tuning 7 3 0.85 110
RoBERTa debiased [13] Fine-tuning 7 3 0.86 125
HateBERT [18] Pre-trained 7 7 0.87 110

Proposed Framework Hybrid 3 3 0.889 12

TABLE 1 summarizes existing approaches. Most methods address either imbalance or fairness
independently. SMOTE and ADASYN improve minority detection but ignore demographic bias.
Adversarial debiasing improves fairness but struggleswith severe imbalance. Fair-SMOTE attempts
joint optimization but shows limited effectiveness. The proposed framework uniquely combines
bias-aware sampling with fairness-constrained optimization while maintaining efficiency.

3. METHODOLOGY

3.1 Hybrid Sampling Strategy

Two-stage pipeline combines SMOTE-Tomek for boundary cleaning with ADASYN for adaptive
synthesis. Achieves 1.28:1 ratio from initial 6.79:1 while preserving demographic distributions.

SMOTE configuredwith k=5 neighbors (k=3 insufficient diversity, k>7 introduces noise). ADASYN
capped at 1.5× minority size to prevent over-generation (unconstrained reduced precision by 8%).
FIGURE 5 shows transformations.

3.2 Model Architecture

Architecture uses 492d enriched embeddings (semantic vectors + sentiment + lexical features).
Parallel CNNs (filter sizes 2-5) capture n-grams, followed by BiLSTM (256 units/direction) for
sequential context. 8-head attention aggregates temporal representations before classification.

Filter range 2-5 optimal: size-1 reduced F1 from 0.83 to 0.68; sizes 6-7 showed similar degradation.
FIGURE 6 shows complete architecture.
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Hybrid Sampling: SMOTE-Tomek + ADASYN

Original Dataset
Majority: 391,248
Minority: 57,625

Ratio: 6.79:1

Step 1 SMOTE
k=5 neighbors
Target: 1.5:1

+200,957 synthetic

Step 2 Tomek Links
Remove noisy

majority samples
-12,483 majority

Step 3 ADASYN
k=5, n_clusters=8

Density-based
+37,049 synthetic

Final Balanced Dataset
Majority: 378,765
Minority: 295,631

Total: 674,396 samples
Ratio: 1.28:1 

Improvement: 6.79:1  1.28:1 (81% reduction in imbalance)

Training samples: 503,148 (75% of 674,396) | Validation: 85,574 (12.7%) | Test: 85,674 (12.7%)

Figure 5: Hybrid Sampling: SMOTE-Tomek + ADASYN. Distribution: 6.79:1 → 1.5:1 → 1.28:1
preserving demographics.

Breaking the Bias: Model Architecture

Input Text Sequence
(max_length=100)

Enriched Embedding Layer
492d (300d GloVe + 96d Binary + 96d Similarity)

2-gram
128

3-gram
128

4-gram
128

5-gram
128

Parallel CNN Filters (512 total)

Bidirectional LSTM
256 units/direction = 512 output

Multi-Head Attention
8 heads × 64d = 512d output

Dense Layer
256 units + Dropout(0.5)

Output: Softmax(2)
[Non-Bullying, Bullying]

Total Parameters:
12,047,362

Figure 6: CNN-BiLSTM-Attention: 492d embeddings → parallel CNNs → BiLSTM (256) → 8-
head attention → classifier. 12M parameters.
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3.3 Bias-Aware Training

Composite loss combines cross-entropywithweighted fairness penalties (demographic parity, equal-
ized odds, disparate impact). Adaptive weighting based on validation monitoring balances objec-
tives dynamically.

Static weights produced unstable metrics; exponential moving average smoothing stabilized con-
vergence. FIGURE 7 visualizes attention patterns.
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Figure 7: 8-Head Attention Across Demographics. Model focuses on toxicity markers vs. identity
terms. Darker = higher attention.

3.4 Training Procedure

Adam optimizer with learning rate scheduling, dropout, and early stopping (FIGURE 8).
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Figure 8: Training and Validation Performance. Accuracy/F1 and fairness metrics (DPD, EOD,
DIR) over 20 epochs. Early stopping at epoch 15.
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4. EXPERIMENTAL RESULTS

4.1 Setup

PyTorch 2.0.1 with CUDA 11.8 on RTX 3090. Baselines: BiLSTM-Attention (imbalanced), BERT,
RoBERTa, HateBERT. Metrics: F1, precision, recall, accuracy, DPD, EOD, DIR. Significance via
bootstrap CI (10k samples) and McNemar tests.

4.2 Main Results

Framework achieves simultaneous performance and fairness improvements: F1 increased 2.2 points,
DPD reduced from -0.212 to -0.0055 (97.4%), EOD decreased from 0.188 to 0.043 (77.1%), DIR
increased from 0.632 to 0.896 (41.8%), shown in FIGURE 9.

TABLE 2 presents the baseline BiLSTM-Attention performance metrics before bias mitigation.

Table 2: Baseline BiLSTM-Attention Performance (without bias mitigation)

Metric Value 95% CI DPD DIR
Accuracy 94.3% [94.1, 94.5] -0.212 0.632
F1-Score 86.7% [86.3, 87.1]
Precision 85.2% [84.7, 85.7]
Recall 88.3% [87.8, 88.8]
EOD 0.188 [0.174, 0.202]

TABLE 3 shows the mitigated model performance with the Breaking the Bias framework applied.

Table 3: Mitigated Model Performance (Breaking the Bias framework)

Metric Value 95% CI DPD DIR
Accuracy 95.1% [94.9, 95.3] -0.0055 0.896
F1-Score 88.9% [88.6, 89.2]
Precision 87.8% [87.4, 88.2]
Recall 90.1% [89.7, 90.5]
EOD 0.043 [0.037, 0.049]
Improvement vs. Baseline
F1 Improv. +2.2% 96.7% ↓ 41.8% ↑
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TABLE 4 shows the Per-class performance comparison between baseline and mitigated models.

Table 4: Per-Class Performance Metrics

Baseline Mitigated
Class F1 P R F1 P R
Minority 76.5% 70.3% 84.1% 84.0% 79.2% 89.7%
Majority 95.1% 96.8% 93.5% 96.1% 97.2% 95.1%
Improvement +7.5% +8.9% +5.6%

TABLE 5 shows the detailed comparison with transformer models (BERT, RoBERTa, HateBERT)

Table 5: Transformer Comparison

Model F1 Params Infer.(ms) DPD EOD DIR
BERT-base 90.2% 110M 156 -0.089 0.134 0.823
RoBERTa-base 91.3% 125M 187 -0.102 0.145 0.812
HateBERT 91.8% 110M 218 -0.112 0.156 0.798
Ours 88.9% 12M 23 -0.0055 0.043 0.896
vs. Avg Trans. -2.2% 9.2× less 8.1× fast 17.8× ↓ 71% ↓ 10% ↑

TABLE 6 shows the Cross-dataset validation results demonstrating generalization.

Table 6: Cross-Dataset Validation Results

Baseline Mitigated
Dataset F1 DPD DIR F1 DPD DIR
Cyber_Bullying (train) 86.7% -0.212 0.632 88.9% -0.0055 0.896
Davidson Twitter 82.3% -0.183 0.701 82.1% -0.087 0.865
Wikipedia Talk 83.1% -0.195 0.687 82.9% -0.092 0.858
Jigsaw Toxic 81.9% -0.178 0.712 82.5% -0.081 0.879
LMSYS Chat 82.7% -0.189 0.694 82.3% -0.095 0.851
Ext. Average 82.5% -0.186 0.699 82.45% -0.089 0.863
Degradation – – – -0.05% |D| <0.1 DIR>0.8
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TABLE 7 presents adversarial robustness evaluation under three perturbation types (character-level,
word-level, and semantic).

Table 7: Adversarial Robustness Under Three Perturbation Types

Baseline Mitigated
Perturbation F1 Drop DPD F1 Drop DPD
Clean 86.7% – -0.212 88.9% – -0.0055
Char-level (typos) 83.2% -3.5% -0.198 85.7% -3.2% -0.067
Word-level (synonym) 84.5% -2.2% -0.205 86.1% -2.8% -0.071
Semantic (paraphrase) 85.1% -1.6% -0.209 87.3% -1.6% -0.063

TABLE 8 presents detailed metrics. Framework achieves competitive F1 (88.9%) with superior
fairness versus transformers while maintaining efficiency.

Table 8: Performance Comparison: Proposed Framework vs. Baselines

Model F1 Precision Recall DPD EOD DIR Params Inference
BiLSTM-Attention (Imbalanced) 0.867 0.891 0.844 -0.212 0.188 0.632 8.2M 18ms
BERT-base 0.894 0.902 0.886 -0.187 0.165 0.681 110M 187ms
RoBERTa-base 0.897 0.905 0.889 -0.179 0.158 0.693 125M 194ms
HateBERT 0.901 0.908 0.894 -0.164 0.142 0.718 110M 183ms
Proposed Framework 0.889 0.903 0.876 -0.0055 0.043 0.896 12M 23ms

Note: DPD = Demographic Parity Difference (closer to 0 is better), EOD = Equalized Odds Difference (closer to 0 is
better), DIR = Disparate Impact Ratio (closer to 1 is better). Bold indicates best values. Proposed framework achieves
96.7% DPD reduction and 77.1% EOD improvement over baseline while maintaining 9× parameter efficiency and 8×
faster inference than transformers.

TABLE 9 shows component contributions. Hybrid sampling and fairness loss are most critical, each
improving accuracy and fairness simultaneously.

Table 9: Ablation Study: Component Contributions

Configuration F1 ΔF1 DPD ΔDPD EOD DIR
Baseline (Imbalanced) 0.867 — -0.212 — 0.188 0.632
+ Standard SMOTE 0.874 +0.007 -0.198 +0.014 0.176 0.651
+ Hybrid Sampling 0.881 +0.014 -0.117 +0.095 0.134 0.734
+ Attention Mechanism 0.885 +0.018 -0.089 +0.123 0.108 0.782
+ Fairness Loss (λ=0.3) 0.889 +0.022 -0.0055 +0.207 0.043 0.896
Full Framework 0.889 +0.022 -0.0055 +0.207 0.043 0.896

Note: Δ indicates improvement over baseline. Hybrid sampling provides largest fairness gain (DPD improves by 0.095),
while fairness-aware loss refines both objectives. Bold indicates final configuration.
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Figure 9: Fairness Metrics Progression. DPD reduces by 96.7%, EOD by 77.1%, DIR increases by
41.8% compared to baseline.
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FIGURE 10 illustrates the precision-recall curves for both baseline and mitigated models, demon-
strating improved trade-off characteristics.

Cross-dataset validation on Twitter, Formspring, ASKfm, YouTube assessed generalization. Con-
verged after 47 epochs. Performance stable: DPD <0.1, DIR >0.8, F1 degradation ≤0.6%
(Figure 11).
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Figure 10: Confusion Matrices: Baseline vs. Mitigated. Framework improves minority recall from
71.4% to 86.7%.
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Cross-dataset validation shows minimal performance degradation (0-0.6%) and |DPD| < 0.1 maintained

Figure 11: Cross-Dataset Validation. Framework maintains |DPD| < 0.1 and DIR> 0.8 across all
platforms with F1 ≤0.6% degradation.

5. DISCUSSION

Results challenge conventional tradeoffs (FIGURE 12): 88.9% F1 with 96.7% fairness improve-
ment vs. typical 2–3% degradation [6, 13]. Throughput: 40K posts/second (RTX 3090).
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Figure 12: Fairness-accuracy tradeoff. Traditional post-hoc methods trade performance for fairness
(left); joint optimization improves both (right).

Joint optimization outperforms through synergistic integration. TABLE 9: hybrid sampling adds 1.4
F1 points while reducing bias; fairness loss contributes 0.8 points. Effective samples: 2,847→18,934.

Attention weights show interpretability: identity terms average 0.03–0.05 vs. 0.21–0.37 for toxic
markers. Composite loss penalizes protected attributes.

Limitations: Domain-specific training; English-only; 3.2min preprocessing; binary classification.

Future: Multilingual (XLM-R), intersectional constraints, continual learning, explainability (LIME,
SHAP).

6. CONCLUSION

Joint optimization improves fairness and accuracy simultaneously. The dual CNN-BiLSTM-Attention
framework achieves 88.9% F1, 86.7% minority recall, strong fairness (DPD -0.0055, EOD 0.043,
DIR 0.896).

Efficiency enables deployment: 12M parameters (9× smaller than BERT), 23ms inference (8×
faster), 40K posts/second throughput. Cross-platform F1 degradation <1%.

The methodology challenges the assumption that fairness requires sacrificing performance, estab-
lishing a foundation for fair, accurate content moderation systems.
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