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Abstract 

 

This study aims to address the challenge of detecting hate speech in text data by comparing two experimental CNN-RNN models. The 

primary issue is achieving a balance between precision and recall in hate speech detection while preventing overfitting and ensuring good 

generalization. Two different approaches were applied: the first model used standard training techniques, while the second model 

incorporated L2 regularization and early stopping. The research involved using Keras Tokenizer for text tokenization, layering with CNN 

and LSTM for feature extraction and temporal context capturing, and applying dropout to prevent overfitting. L2 regularization and early 

stopping were added to the second model to enhance generalization. The findings reveal that the first model, although exhibiting some 

overfitting, attained a higher overall accuracy of 78% and more balanced F1-scores for both the "Not Hate Speech" and "Hate Speech" 

categories. The second model, although achieving higher precision for hate speech (0.81), had lower recall (0.58), resulting in an overall 

accuracy of 75%. This suggests that regularization and early stopping need careful tuning to avoid reducing sensitivity to hate speech 

detection. 
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1. Introduction 

The proportion of students who have reported being victims of cyberbullying has surged by 55% since 2015 and has more than tripled 

since 2007. About 45.5% of middle and high school students have experienced cyberbullying at least once in their live  [1]. This 

alarming trend necessitates effective detection mechanisms for hate speech, which remains a challenging task due to the need to balance 

precision and recall while preventing overfitting. To tackle these challenges, this study focuses on leveraging machine learning, 

particularly deep learning techniques, to enhance hate speech detection. By comparing two experimental hybrid CNN-RNN models—one 

using standard training techniques and the other incorporating L2 regularization and early stopping—the study aims to identify the most 

effective strategy for improving model performance and generalization.  The objective is to evaluate the effectiveness of CNN-RNN 

models with standard training techniques versus those with L2 regularization and early stopping in detecting hate speech. The goal is to 

determine which approach achieves better balance in precision and recall, and how they handle overfitting to enhance generalization. 

Convolutional Neural Networks (CNNs) are proficient at capturing spatial features and recognizing local patterns, such as phrases and 

key words, making them ideal for text processing tasks like sentiment analysis and hate speech detection [2], [3]. Recurrent Neural 

Networks (RNNs), especially Long Short-Term Memory (LSTM) networks, are highly effective at managing sequential data by retaining 

memory of previous inputs, which helps in understanding context and dependencies [4]–[6]. Combining CNNs and RNNs leverages their 

strengths in feature extraction and sequence modeling. However, issues such as class imbalance and overfitting persist [7], [8]. L2 

regularization aids by penalizing large weights, promoting simpler models that generalize more effectively. Early stopping prevents 

overfitting by ceasing training once the validation performance ceases to improve [4], [9], [10]. The first model is anticipated to serve as 

a baseline, highlighting the strengths and weaknesses of the standard approach. In contrast, the second model is expected to demonstrate 

the advantages of regularization and early stopping in achieving a better balance between precision and recall.The insights from this 

research are anticipated to contribute to the development of more robust and accurate hate speech detection models, ultimately enhancing 

efforts to combat online cyberbullying effectively. 
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2.  Literature Review  

Hate speech detection on social media is a pressing issue in Indonesia, with significant advancements being made using machine learning 

techniques such as Convolutional Neural Networks (CNN) and Recurrent Neural Networks (RNN). Recent studies have demonstrated 

the effectiveness of these methods in classifying hate speech in Indonesian language tweets and Instagram comments. For instance, a 

study utilizing CNN, RNN, and hybrid RNN-CNN models with GloVe feature expansion found the RNN model [11], while another 

study employing a modified TextCNN with word2vec skip-gram models for detecting hate speech in Instagram comments [12], [13]. 

Comparative research on BiLSTM, CNN, and RNN architectures also highlighted the superior performance of RNN with BERT 

embeddings [14]. Moreover, a CNN model was found to outperform LSTM and CNN+LSTM combinations [15]. 

Despite these advancements, there remains a research gap in achieving a balance between precision and recall in hate speech detection 

while preventing overfitting and ensuring good generalization. This study aims to address this challenge by comparing two experimental 

CNN-RNN models. The primary issue is balancing precision and recall in hate speech detection. Two different approaches were applied, 

the first model used standard training techniques, while the second model incorporated L2 regularization and early stopping. The 

research involved using Keras Tokenizer for text tokenization, layering with CNN and LSTM for feature extraction and temporal context 

capturing, and applying dropout to prevent overfitting. L2 regularization and early stopping were added to the second model to enhance 

generalization 

3. Method 

3.1. Data Collection  
The datasets used were obtained from [11], consisting of new_kamusalay.csv, abusive.csv, and data.csv. The primary dataset, data.csv, 

was sampled to a size of 1000 instances for both experiments.  This smaller sample size was chosen to ensure the experiments could be 

conducted efficiently within the constraints of available computational resources and tim. Using a more manageable dataset size allowed 

for rapid iteration and testing of the models, facilitating a more focused evaluation of the different training techniques and model 

architectures without sacrificing the integrity of the results [16]. Additionally, this approach helps to streamline the preprocessing and 

training processes, making it feasible to apply advanced techniques such as L2 regularization and early stopping within a reasonable 

timeframe [17]. 

 

3.2. Data Cleaning  
 The cleaned text was processed using Keras's Tokenizer [18], which converts the text into sequences of integers, with each integer 

representing a specific word based on its frequency in the dataset. This tokenization process builds a comprehensive dictionary of words. 

After tokenization, the sequences were padded to ensure uniform length across all inputs. Padding involves appending zeros to the end of 

shorter sequences to match the length of the longest sequence. This is essential for neural networks, as they require inputs of uniform size 

for optimal performance [19]–[21]. 

 The dataset labels, indicating whether a tweet is hate speech or not, were one-hot encoded. This method transforms the categorical labels 

into a binary matrix representation, where each label is represented by a vector with a single element set to "1" (indicating the class) and 

all other elements set to "0.". This format is particularly suitable for training neural networks, enabling them to efficiently process and 

classify the data.  

 

3.3. Data Train-Test Split 
The dataset was subsequently divided into training and testing sets in an 80-20 ratio to ensure the model could be effectively trained and 

evaluated on separate data, thereby improving its ability to generalize to new data [22] 

 

3.4. Class Weights Calculation 
To tackle the problem of class imbalance in the dataset, class weights were calculated and incorporated during the training process 

[23] .This computation involves determining the relative frequencies of each class and assigning a weight to each class that is inversely 

proportional to its frequency. By doing this, the model is encouraged to pay more attention to the minority class, ensuring that instances 

of hate speech, which may be less frequent than non-hate speech, are adequately represented during training.  

 

3.5. Oversampling 
To further address class imbalance, oversampling was applied using the Random Over Sampler technique. This method involves 

balancing the classes by increasing the number of instances in the minority class through the random duplication of existing instances 

[24]. By doing so, the model is exposed to an equal number of examples from both classes during training, which helps it learn to 

identify hate speech as effectively as non-hate speech. This approach ensures that the model does not become biased towards the majority 

class and improves its ability to generalize and perform well on imbalanced data [25]. 

 

3.6. Model Architectures and Training 

3.6.1. First Model 
The architecture of the first model was designed to combine the strengths of CNNs and RNNs for effective text classification. It begins 

with an embedding layer that transforms words into dense vectors, capturing their semantic meanings and relationships [26]. This is 

followed by a Conv1D layer that extracts features from the input sequences through convolutional filters, identifying significant local 

patterns within the text [27]. The MaxPooling1D layer subsequently reduces the dimensionality of the feature maps, retaining the most 

crucial features while minimizing computational complexity [28]. An LSTM layer follows, capturing temporal dependencies to 

understand the context and order of words, essential for accurate classification [29]. A dropout layer is included to mitigate overfitting by 
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randomly dropping neurons during training, enhancing the model's generalization to new data [30]. Finally, a dense layer with a softmax 

activation function produces the output, suitable for distinguishing between hate speech and non-hate speech [31]. The model was trained 

for 10 epochs with class weights applied to address class imbalance, ensuring improved detection capabilities for hate speech by giving 

adequate attention to the minority class [32]. 

 

3.6.2. Second Model  
 The second model id Similar to the first model, it includes an Embedding layer for converting words into dense vectors, a Conv1D layer 

for extracting features from the input sequences using convolutional filters, a MaxPooling1D layer for reducing the dimensionality of the 

feature maps, and an LSTM layer for capturing temporal dependencies in the text. Additionally, it includes a Dropout layer to reduce 

overfitting by randomly deactivating neurons during training. The key difference is the inclusion of L2 regularization in the Dense layer 

[17]. This regularization technique penalizes large weights, encouraging the model to maintain smaller weights, thereby reducing the risk 

of overfitting by preventing the model from becoming overly complex and fitting the noise in the training data. The training process was 

designed to run for up to 20 epochs, with an early stopping mechanism in place [32]. The second model is trained for 20 epochs 

compared to 10 epochs for the first model due to several factors. The second model incorporates L2 regularization in the dense layer, 

which helps prevent overfitting by penalizing large weights, allowing for a longer training period. Additionally, the early stopping 

mechanism ensures the model halts training once the validation loss stops improving, balancing sufficient training and preventing 

overfitting. Early stopping monitors the validation loss during training and halts the process if the validation loss does not improve for a 

specified number of epochs. This ensures the model stops training at the optimal point where it best generalizes to the validation set, 

thereby avoiding overfitting. Class weights were also applied to handle class imbalance, ensuring the model pays adequate attention to 

the minority class, improving its detection capabilities for hate speech.  

 

4. Result and Discussion  

4.1. Result  
The performance of the first model was evaluated using several metrics, including precision, recall, F1-score, and Support. The results is 

described in Table 1 

Table 1.   Evaluation result of the first model 

Class Precision Recall F1-score Support 

Not Hate Speech 0.77 0.84 0.80 110 

Hate Speech 0.78 0.70 0.74 90 

Accuracy   0.78 200 

Macro avg 0.78 0.77 0.77 200 

Weighted avg 0.78 0.78 0.77 200 
 

The model demonstrated a high recall of 0.84 for the "Not Hate Speech" class, meaning it correctly identified 84% of the actual non-hate 

speech instances. The precision of 0.77 indicates that 77% of the instances the model predicted as non-hate speech were correct. The F1-

score, which is the harmonic mean of precision and recall, was 0.80, indicating a balanced performance between precision and recall for 

this class. For the "Hate Speech" class, the model achieved a precision of 0.78, meaning 78% of the instances predicted as hate speech 

were correct. The recall was 0.70, indicating that the model correctly identified 70% of the actual hate speech instances. The F1-score 

was 0.74, reflecting a slightly lower but still balanced performance compared to the "Not Hate Speech" class.  The model achieved an 

overall accuracy of 0.78, meaning that it correctly classified 78% of the instances in the test set, which included a total of 200 instances. 

The macro average is the unweighted mean of the precision, recall, and F1-score for both classes. It offers an overall performance 

measure without accounting for class imbalance. The precision, recall, and F1-score values, all around 0.77, indicate consistent 

performance across both classes. The weighted average considers the support (number of instances) for each class, offering a more 

balanced performance measure that reflects the class distribution. The precision and recall are both 0.78, with the F1-score slightly lower 

at 0.77, indicating that the model's performance is robust and consistent when accounting for the prevalence of each class in the dataset.  

Overall, the first model demonstrated strong performance in detecting both hate speech and non-hate speech, with a balanced precision, 

recall, and F1-score for both classes. The higher recall for non-hate speech suggests the model is particularly effective at identifying non-

hate speech instances, while the precision and F1-score indicate a good balance in performance across the board. 

The performance of the second model was evaluated using several metrics, including precision, recall, F1-score, and Support. The results 

is described in Table 2 

Table 2. Evaluation result of the Second model 

Class Precision Recall F1-score Support 

Not Hate Speech 0.72 0.89 0.80 110 

Hate Speech 0.81 0.58 0.68 90 

Accuracy   0.75 200 

Macro avg 0.77 0.73 0.74 200 

Weighted avg 0.76 0.75 0.74 200 

 

Table 2 outlines the evaluation metrics for a text classification model aimed at detecting hate speech. These metrics include precision, 

recall, and F1-score for each class (Not Hate Speech and Hate Speech), along with their respective support values. Additionally, it 

provides overall accuracy, macro average, and weighted average metrics. For the Not Hate Speech class, the precision is 0.72, indicating 

that 72% of instances predicted as Not Hate Speech are accurate. The recall is 0.89, showing that the model correctly identifies 89% of 

all actual Not Hate Speech instances. The F1-score, which balances precision and recall, is 0.80, demonstrating a good balance between 

the two. The support value, representing the number of actual instances in the dataset, is 110. For the Hate Speech class, the precision is 

higher at 0.81, meaning 81% of instances predicted as Hate Speech are accurate. However, the recall is lower at 0.58, indicating the 

model correctly identifies 58% of all actual Hate Speech instances. The F1-score for Hate Speech is 0.68, reflecting a trade-off with 

higher precision than recall. The support value for this class is 90.The model's overall accuracy is 0.75, meaning it correctly predicts 75% 
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of the instances in the dataset. The macro average precision is 0.77, the macro average recall is 0.73, and the macro average F1-score is 

0.74. These averages treat each class equally, regardless of their support values. The weighted averages, which consider the number of 

instances in each class, show a precision of 0.76, a recall of 0.75, and an F1-score of 0.74. The model performs well for Not Hate Speech, 

with a high recall of 0.89 indicating it correctly identifies most instances, although the precision of 0.72 suggests some false positives. 

For Hate Speech, the model has a higher precision of 0.81 but a lower recall of 0.58, indicating it correctly identifies fewer actual Hate 

Speech instances while being more confident in its predictions. The accuracy of 0.75 reflects good overall performance, correctly 

classifying 75% of instances. The macro and weighted averages provide balanced metrics that assess the model's overall performance 

across both classes, considering class imbalance. Overall, the model is effective at identifying Not Hate Speech but has room for 

improvement in detecting Hate Speech, as evidenced by the lower recall for Hate Speech. 

4.2. Discussion  
The first model and second model both demonstrate strong performance in detecting hate speech and non-hate speech, but with notable 

differences in their metrics. The first model shows a higher overall accuracy of 0.78 compared to the second model's 0.75. For the "Not 

Hate Speech" class, the first model achieves a recall of 0.84 and a precision of 0.77, while the second model has a higher recall of 0.89 

but a lower precision of 0.72. This indicates that the second model is better at identifying non-hate speech instances but at the cost of 

more false positives. In the "Hate Speech" class, the first model achieves a precision of 0.78 and a recall of 0.70, resulting in an F1-score 

of 0.74. The second model, however, has a higher precision of 0.81 but a significantly lower recall of 0.58, leading to an F1-score of 

0.68. This suggests that the second model is more confident in its hate speech predictions but misses more actual hate speech instances. 

Considering these results, if the primary goal is to identify as many hate speech instances as possible (minimizing false negatives), the 

first model is preferable due to its higher recall of 0.70. This model is better at catching most of the hate speech instances, even if it 

means slightly more false positives. Conversely, if the application requires high confidence in the predictions made (minimizing false 

positives), the second model is better due to its higher precision of 0.81. This model is more accurate in labeling instances as hate speech 

but misses more actual hate speech instances (lower recall). 

 Given the importance of both identifying hate speech accurately and ensuring high detection rates, the first model is generally the better 

choice for hate speech detection. Its higher recall and balanced F1-score suggest it is more effective at catching hate speech instances 

while maintaining reasonable precision. This balanced approach is often more desirable in applications where the cost of missing hate 

speech is high, such as in social media moderation or automated reporting systems. 

5. Conclusion  

The first model demonstrated a higher overall accuracy (0.78) compared to the second model (0.75). It achieved a balanced performance 

with a precision of 0.78, recall of 0.70, and F1-score of 0.74 for detecting hate speech. The second model, while having a higher 

precision of 0.81 for hate speech, had a significantly lower recall of 0.58, resulting in an F1-score of 0.68. The first model also performed 

well in identifying non-hate speech, with a precision of 0.77 and recall of 0.84. 

This research contributes to the field of hate speech detection by providing a comparative analysis of two models combining 

Convolutional Neural Networks (CNN) and Recurrent Neural Networks (RNN). The findings highlight the trade-offs between precision 

and recall in hate speech detection, demonstrating the importance of balanced performance metrics in evaluating such models. This study 

offers insights into the effectiveness of different architectural choices and training strategies, including the use of L2 regularization and 

early stopping. 

The results of this study have practical implications for the development of automated hate speech detection systems. The first model's 

balanced performance suggests it is more suitable for applications where the cost of missing hate speech is high, such as in social media 

moderation or automated reporting systems. The insights gained from this research can guide practitioners in selecting and fine-tuning 

models based on specific needs, whether prioritizing recall to minimize missed detections or precision to reduce false positives. 

One limitation of this research is the use of a specific dataset for training and evaluation, which may not fully represent the diversity and 

complexity of real-world hate speech. Additionally, the models were trained for a fixed number of epochs with predefined 

hyperparameters, which might not be optimal for all datasets. The study also focused on text-based hate speech detection, not considering 

multimedia content such as images or videos, which are increasingly prevalent in online hate speech. 

Future research should explore the generalization of these models to more diverse and comprehensive datasets to enhance their 

robustness and applicability. Additionally, experimenting with various hyperparameter optimization techniques and incorporating 

advanced regularization methods could enhance model performance. Finally, exploring explainable AI techniques to make hate speech 

detection models more transparent and understandable for users and moderators is a promising area for future work. 
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