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Abstract 

Online derogatory comments are ubiquitous on social media (SM) and are 

raising serious concerns. SM data is ridden with high dimensional search space 

due to noise, redundant features, and non-standardized writing style. These 

problems lead to high computational cost, longer training time with overall low 

predictive accuracy in machine learning models. To address these problems, we 

proposed a framework for optimizing stacked generalized ensemble learning to 

enhance the model performance. The main components of the framework 

include feature optimizer (FO), ensemble classifiers, and stratified K-foldCV 

(skfCV) through stacked generalization ensemble architecture. The ensemble 

classifiers, FO, and skfCV components make our method stable, 

computationally efficient with the best performance. Our proposed method was 

validated using three benchmark datasets. The proposed method outperformed 

the state-of-the-art results in all the evaluation metrics used in those three articles 

adopted for comparison. 

Introduction 

There is a pervasive hate speech problem 

across different social media networks. 

Over four billion users share their 

opinions, feelings, current thoughts, and 

anything of interest in just a few clicks on 

social media (SM) [1]. This breakthrough 

has radically transformed the public 

communication sphere. The advantages 

of this era are quite huge, as it has made 

communication faster, cheaper, and has
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also removed the distance barrier among distributed communities and many more. 

Twitter, Facebook, and YouTube were among the early SM that took reprisal action 

against Russia during the invasion of Ukraine in February 2022.  

Nonetheless, the main drawback of SM remains unsolved over decades despite 

leveraging the power of machine learning [2]. The disadvantage has devastating 

effects through sharing of hateful and antagonistic posts created by SM users. Many 

studies have revealed how people with corrupt minds towards others spread their 

hateful content targeting minorities, political opponents, disadvantaged people of any 

sort on SM [3]. It has been widely acknowledged that religion, racism, ethnicity, 

gender, sexual orientation, politics, are among other topics that trigger hate speech [4].  

The SM data has four common problems – noisy, highly skewed class distribution, 

data sparsity, and high dimensionality problem. Non-standardized writing styles and 

out-of-vocabulary (OOV) tokens also increase the feature space unnecessarily large 

and have a multiplicative effect on the error rate. These problems account for the poor 

performance of classifiers in offensive tweets detection models. A multi-dimensional 

approach is required to solve these problems. 

To find a lasting solution, we proposed a framework for optimizing stacked 

generalization ensemble learning. Through the principle of the "wisdom of the crowd", 

the ensemble learning techniques use a weighting and aggregating mechanism to add 

up the advantages of the weaker learners to compensate for the errors for each learner. 

The integration of suitable feature selection (FS) technique, skfCV on stacked 

generalization ensemble will solve the problem associated with the SM dataset. The 

suitable FS technique serves as a preprocessing algorithm that selects the most 

informative features to be used for ensemble learning [5]. Most FS approaches are 

inherently unstable. That is, an FS technique always recreates distinct subsets of 

features for different training datasets, resulting in varied classification accuracy [6]. 

The Stratification ensures that each fold contains the same proportion of the labels as 

that of the initial training set. 

FS techniques are classified into two categories: wrapper and filter [7]. The 

combination of the two methods is possible called the hybrid method. The filter 

methods make use of independent mining algorithms alongside the general properties 

of the training dataset. The filter techniques employ the ranking technique as the main 

criterion to score the features and select them after ordering. The filter technique has 

been reported to be more simple, efficient, and computationally cost-effective than the 
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wrapper method [7]. The wrapper technique, on the other hand, works based on the 

principles of relationship that subsist between the optimal feature subset selected and 

its relevance to the algorithm performance [8]. Different search algorithms can be used 

to obtain the subset of variables that minimizes the loss function, which is the 

classifier's predictive accuracy. The wrapper technique is computationally expensive 

to use. 

The contribution of this study is three-fold:  

i. To enhance the performance of the prediction model through the ensemble 

technique.  

ii. To optimize the performance of the model using the SelectFromModel 

(SFM) FS technique  

iii. To apply stratified K-foldCV to address the problem of class imbalance in 

the SM dataset. 

 

The Proposed Framework 

Frameworks generally are applied extensively in computing science, especially in 

software design. A framework is a set of interrelated layers designed to serve as a 

guide to building a reusable structure. The proposed framework will help researchers 

to build an optimized stacked generalization ensemble to mine big data. The essence 

of the new framework is to ensure that high dimensional feature space in SM texts is 

always reduced to decrease training time and improve model performance. The 

researchers tested the framework on three benchmark SM datasets. The proposed 

framework is depicted in Fig.1 

The framework has three main components or sections. A section is added to the 

stacking ensemble. These sections include optimizer, weaker learner models, and 

the combiner. Each section will perform a specific task toward improving the 

model performance. 
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Fig.1 Proposed Framework 

 

Optimizer 

This section is to ensure that only informative data is selected in order to solve the 

problem of high dimensional feature space associated with the SM data. This will 

help the algorithm to learn the most important aspect of the dataset so that it 

generalizes well on the unseen data. 

 

Weaker Learner Models 

This is where suitable weaker algorithms are arranged in parallel based on the 

stacked generalization principle. For purpose of this research, we employed 

ensemble classifiers (boosting ensemble) to serve as the weaker learner models. 

However, any other learners can be used as the weaker models to build the 

ensemble following the framework. 

 

Combiner 

The output of the weaker learners is used to train the combiner. The combiner 

must be a linear classifier such as logistic regression (LR), linear support vectors 

machine (linear SVM), stochastic gradient descent classifiers (SGDC), among 

others. 
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Implementation 

The proposed framework is implemented through simulation in Python sci-kit-learn 

framework. Three benchmark datasets were used to test the performance and compare 

the results for validation. The primary goal of our proposed method is to train a 

classifier to categorize tweets correctly and efficiently in predefined classes. The 

essence of integrating FS with stacking ensemble and stratified K-fold technique 

include – enhancing the performance and robustness of the detection model. Different 

optimizers were tested and SelectFromModel (SFM) gives the best results as shown 

in Table 2. The SFM FS creates a subset of the most informative features for training 

the model. Furthermore, the skfCV technique helps to build a model capable of 

handling the imbalanced class distribution in SM datasets. A total of three datasets 

were used for the simulation experiments. The details and descriptions of these 

datasets are displayed in Table 1. 

Table1  

Details description of the different datasets used in our experiments. 

S/N Dataset source Name Model class Doc. Size 

1 [9] Mandl Binary class 7,005 

2 [10] HSE Binary class 5,876 

3 [11] Davidson Multi-class 24,783 

 

Ensemble Learning 

Ensemble algorithms are a community of learning algorithms with different 

capabilities and can be combined in parallel or in series to improve classification 

accuracy [12]. The accuracy of an ensemble classifier must be larger than that of the 

individual baseline classifier, which is a required and necessary condition and 

assumption that must be made. This assumption is possible if and only if the errors 

of the baseline learning algorithms are uncorrelated, that is the errors have no 

relationship. 

The proposed framework is built based on the stacking ensemble. Stacking ensemble 

is a classifier assembling technique used to aggregate information from various 

predictive models to generate a more powerful model. Stacked generalization is a 2-

stage architecture where the weaker models are arranged in parallel and with 

combiner models in series. The new framework added another stage called the 

optimization stage as shown in Fig. 1. The essence of using the ensemble technique 
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is to accomplish the goal of producing an efficient, reliable, and accurate 

classification on the training dataset and the best generalization on the testing data. 

The ensemble techniques improve prediction accuracy by decreasing variance, bias, 

or obtaining the best trade-off between bias and variance. 

 

Boosting Ensembles 

The weaker learners employed are ensemble classifiers or boosted ensemble 

algorithms such as GBC, RF, XGB, DT, and ABC. Boosting ensemble is a learning 

strategy that corrects the prediction errors made by previous models to incrementally 

enhance its accuracy [10]. The boosting ensemble is used as the weaker learner and 

stacked generalization is employed to build the main classifier. 

 

Model Evaluation Metrics 

F1-score and Matthews correlation coefficient (MCC) is the recommended 

evaluation metrics for the dataset with the imbalanced class distribution [10]. 

Confusion matrix (CFM) gives in numerical values the performance of the model. It 

is expressed in terms of true positive (TP), true negative (TN), false positive (FP), 

and false-negative (FN). TP refers to those data annotated as positive and are 

predicted as such by the model. FP are those that data that are negative but predicted 

as positive by the model. TN refers to the dataset coded as negative and predicted as 

negative by the model. FN as the name implies, the data were predicted as negative, 

but the prediction was false as they are positive data. The lower the values of FP and 

FN, the better the model and vice versa. The values TN, FN, FP, and TP can be 

computed in terms of precision, recall, F1-score, and MCC as shown in Eqs (3) – (6) 

respectively. 

 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (1) 

 

 𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (2) 

 

 𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  
𝑇𝑃

𝑇𝑃 + 1
2
(𝐹𝑁 + 𝐹𝑁)

 (3) 
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MCC = 

(𝑇𝑃 ∗ 𝑇𝑁) − (𝐹𝑃 ∗ 𝐹𝑁)

(𝑇𝑃 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑁)
 

 

Experimental Results 

The effectiveness of the proposed framework was investigated by integrating SFM as 

an optimizer, boosting ensembles as the weaker models on stacked generalization 

ensemble to identify hate speech or offensive tweets on SM datasets. The dataset 

includes both binary and multiclass classifications tasks.  

Both the filter and wrapper techniques were employed to identify the suitable 

algorithm for feature reduction. Particle swarm optimization algorithm (PSOA), 

SelectFromModel (SFM), cuckoo search algorithm (CKSA), grey wolf algorithm 

(GWA), and chi-squared technique were among the techniques tested. Our results 

show that SFM is the best option as displayed in Table 2. 

Table 2 

FS techniques performances 

FS alg. Chi-2 All features GWOA SFM CKSA PSO 

mcc 0.85 0.84 0.76 0.86 0.74 0.73 

Table 3 depicted results from the 10-fold CV for the proposed method. The metrics 

that were used in the previous articles were applied to evaluate the various models in 

this study for ease of comparison. 

Table 3 

Evaluation on testing dataset 

Fold HSE Davidson Mandl 

Fold F1 MCC Pr Rc F1 F1-M F1-W A 

fold0 99 97 95 95 95 85 87 86 

fold1 99 97 96 95 95 86 82 81 

fold2 99 96 95 95 95 82 85 84 

fold3 99 96 95 94 95 84 87 86 

fold4 99 95 95 95 95 83 85 84 

fold5 100 99 95 95 95 83 86 85 

fold6 99 98 96 95 95 77 79 78 

fold7 100 98 95 94 95 72 74 73 

(6) 
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fold8 99 93 92 92 93 74 75 76 

fold9 100 98 95 95 95 65 69 67 

Avg 99 97 95 94 95 78 81 80 

 

Comparative Analysis 

The datasets used in this research are grouped into multiclass (Davidson) and binary 

classifications (Mandl & HSE). 

Comparison of The Multiclass Classification Task 

The versatility of the method was also tested on the multiclass classification model 

using Davidson’s dataset. [13] used the same dataset and applied the BERT-based 

transfer learning technique. This also allows us to compare the proposed method with 

the state-of-the-art method. Davidson, Mozafari, and EoEs-SFM are classical 

ensemble, BERT-based, and optimized ensemble methods respectively. The result of 

the proposed method is 4% better than Davidson’s and 2% better than Mozafari's 

methods as depicted in Fig. 2. 

 

 

Fig. 2. Multi-Class Results Comparison On Davidson Dataset 
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Fig. 3. Binary-class results comparison on Mandl dataset 

 

Fig. 4. Binary-class results comparison on HSE dataset 

 

Comparison of The Binary Classification Task 

To test for the robustness of the EoEs-SFM method, a binary classification task was 

used. Two datasets were employed for this comparison: Mandl and HSE datasets 

and the results are shown in Fig. 3 and Fig. 4. 

Kovacs and HSE used F1 macro and weighted averages to evaluate their model. For 

comparison, EoEo-SFM employed the same in this study. EoEo-SFM is better in 

both metrics with 0.11 and 0.07 in macro and weighted averages respectively. EoEo-

SFM also shows superiority over HSE in MCC with 0.03 better and F1-score with 

0.01 higher as shown in Fig. 4. 

 

Conclusion and Future Research Directions 

Our proposed method solved the common problems associated with SM datasets: 

Imbalanced class distribution and improved model prediction generalization on 
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unseen data. The skfCV helps in reshuffling the dataset to permit the algorithm to 

learn equally in the class distribution of the training data. The proposed method has 

proven better on both binary and multi-class classifications tasks. 

As seen in Figs. 3 and 4 for the binary classifications, there is a significant 

improvement in all evaluation metrics. In the case of multiclassification, both classes 

of interest, hate speech, offensive and neither were improved. This method has 

proven to be effective and efficient for offensive or hate detection on social media 

platforms. Further research needs to be conducted in the future to identify the few 

specific messages that were misclassified and why. 
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