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 In today’s digital age, threats to life have become alarmingly common, 

infiltrating everything from social media platforms to personal 

communications. About 11.3% of people experienced suicidal ideation over 

the past year, 5.5% of adults in the United States reported serious suicidal 

thoughts in the past year, and 10-14% of children and adolescents 

experienced cyberbullying globally. This study developed machine learning 

models to detect life-threatening statements across different model categories 

by employing hyperparameter tuning and Adam optimization. Six models 

were built using RF, SVM, FFNN, LSTM, pre-trained BERT, and T5, and 

evaluated using benefit and cost measures and confusion matrices. The 

outcome indicates that the six models performed well, but the FFNN model 

outperformed all other models by achieving an accuracy of 98.86%, precision 

of 98.86%, MCC of 97.72%, Recall of 98.86%, MAE of 0.0113, and RMSE 

of 0.1067. It also achieved the highest number of accurately classified 

instances and the lowest number of misclassified instances, which 

demonstrates that the FFNN model exhibits robustness and precision, making 

it highly reliable for detecting life-threatening statements compared to other 

models. Having achieved a very high accuracy, the method still lacks an in-

depth understanding of contextual information. Therefore, further studies may 

focus on incorporating contextual information for more accurate classification 

of life-threatening statements and integrating the developed model into a real-

time detection system. 
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1. INTRODUCTION 

The global world relies more on the internet for communication and interaction because 

broadcasting and transferring of information is faster and more efficient with it. Almost every individual 

around the world uses one or more social media platforms to access and share information online. Social 

media platforms such as social networking (Facebook, LinkedIn), microblogging (Twitter, Tumblr), photo 

sharing (Instagram, Snapchat, Pinterest), and video sharing (TikTok, YouTube, Facebook Live) are some of 

the most used platforms to perform these actions. Social media platforms have become the core of 

information access and dissemination, and they have been of great value to numerous individuals. 

However, the negative effect of it is an increase in cyberbullying. Cyberbullying was defined by 

Hinduja & Patchin [1] as recurring and willful harm imposed through the means of electronic text. It may 

include swearing, life-threatening statements, broadcasting pictures without consent, blackmailing or 

extorting through chat, and spreading pornographic images or private information on the internet. The 
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uniqueness of bullying on social media is in the extent to which it can be anonymous and its potential to 

accelerate the contribution of several people in harassing the victims through functions like comments and 

reposts. Hence, victims often exhibit emotional distress [2], low self-esteem [3], loneliness [4], and social 

anxiety [5]. These victims also reported more suicidal thoughts and are more likely to attempt suicide, and 

the actions lead to social and psychological harm among students [6]. A report from Twitter shows that over 

1.1 million accounts spread hateful content in the second half of 2020, representing a 77% increase compared 

to the first half of 2023 [7]. Similarly, a report shows that 50% of sampled students in 2025 experienced 

cyberbullying, and about 10-14% of children and adolescents experienced cyberbullying globally. In a 

similar regard, Vidgen et al. [8] highlight the circulation of violent and hateful statements online. A lot of 

lives have been threatened through cyberbullying, resulting in death, suicide, murder, and severe injury.  

These violence-related behaviors remain a global public health concern, with recent reports 

indicating rising trends among adolescents in the year 2025 [9]. While several studies have explored related 

areas such as cyberbullying detection [10], abusive content detection [11], suicidal ideation prediction [12], 

and hate speech prediction [13] using machine learning algorithms and techniques like XGBoost, Logistic 

Regression, Random Forest,  and BERT model, most approaches rely on static text classification and fail to 

capture crucial patterns, limiting their effectiveness for real-time intervention. Beyond these, existing studies 

mainly focused on hate speech and abusive statement classification, which results in limited attention to life-

threatening statements identification and prediction. In addition, people use negative polarity items and 

rhetorical strategies like metaphor and irony to mask hateful statements [14] with the aim of deceiving 

existing detection models. This gap is therefore critical because delayed and inaccurate detection reduces the 

window for timely intervention and thereby limits the effectiveness of carrying out mitigation strategies in 

real-world scenarios. 

Early identification of life-threatening statements is of great benefit to individuals and society. 
Detecting statements that indicate self-harm or mischief to others on social media platforms can bring about 

proper intervention before any mischief occurs. To address these limitations, this study proposes the 

development of a predictive framework for the identification of life-threatening statements with a focus on 

negative polarity, using different classes of ML algorithms, deep learning techniques, and pre-trained LLM 

models. The proposed contribution of this research includes the following: 

• Development of supervised ML, deep learning (DL), and LLM-based models for predicting life-

threatening statements. 

• Fine-tuning of pre-trained LLMs for safety-critical classification tasks. 

• Automatic detection of life-threatening statements helps support early intervention efforts. 

• Improvement in the recognition of harmful linguistic patterns enhances public safety monitoring. 

• The provision of machine-learning models capable of identifying suicidal or violent intent 

strengthens digital risk-assessment tools. 

• Application of deep learning for threat prediction improves speed and accuracy over traditional 

methods. 

• Utilization of pre-trained language models to enhance the ability to understand subtle, context-

dependent threats.  

• Exploring the effect of negative polarity items in linguistic classification tasks. 

• Development of benchmark models to create a foundation for future real-time safety systems. 

 

Upon this motivation, this work builds an accurate and precise model for classifying life-threatening 

statements utilizing ML techniques. 

The rest of this paper is structured as follows: Section 2 examines the related works, which were 

used to gather all the information essential for successful research, and various works that have been done by 

different researchers. Section 3 reports a detailed explanation of the materials and techniques utilized in this 

work. Section 4 gives a thorough analysis of the performance evaluation results, while Section 5 gives the 

conclusion reached by the authors based on the performance results of the ML models. 

 

2. LITERATURE REVIEW 

The vast transition to using social media platforms for daily communication has brought about well-

known negative cyber-actions that can threaten human life and well-being. Cyber-victimization can result in 

loneliness among adolescents as well as psychosocial challenges, including depressive symptomatology 

among the youth. The victims of hate speech on and off social media are threatened mentally [15], and this 

presents serious safety risks to modern society. Bullying is one of the most relevant risk factors connected 

with suicide, which has been the second most prominent reason behind the death of youths and young adults 

in the United States [16]. Cyber-victimization also exists among adults using life-threatening statements and 

hate speech, and this can lead to violence, severe injury, mental illness, suicide, and murder.  



ISSN: 2583-6250         Prisma Publications 

 

Int. J. of DI & IC, Vol. 5, No. 2, June 2026: 16-34 18 

Researchers have made significant contributions to the detection of these statements using various 

techniques. A Manual approach, such as the use of counterhate speech, was discussed as having a significant 

impact in fighting and limiting the dissemination of hateful content. Deep learning and supervised learning 

algorithms are proficient in performing classification tasks efficiently, and their applications are not limited 

to agriculture [17], healthcare, spam detection, and digit classification [18]. 

Machine learning methods are also crucial techniques in detecting life-threatening statements. A 

Participant-vocabulary consistency method for identifying cyberbullying was proposed. The model 

simultaneously discovers victims, instigators, and word vocabularies that indicate bullying. Similarly, the 

performance of Extreme Gradient Boosting (XGBoost), Random Forest, and two DL models, BERT and 

Long Short-Term Memory (LSTM), in classifying hate speech. The result shows that the machine learning 

models were all bested by deep learning models, achieving an accuracy of 89.59%. The study reported that 

one of the challenges faced was data imbalance, which can be solved by employing SMOTE. Masking a 

statement to trick an ML model is possible using negative polarity. Ciaburro et al. [19] employed a Recurrent 

Neural Network (RNN) for a sentiment analysis-based method to identify the polarity of the message 

contents of the popular WhatsApp messaging app. The study indicates that the method can be used as a tool 

to monitor conversations between young people. 

Large language models are a great option for classification tasks as they can adapt to contextual 

information within the dataset. The MAHGA framework was proposed to tackle the drawbacks of contextual 

relationships in harmful speech detection on social networks [20]. Similarly, [21] focuses on integrating 

contextual information to enhance the competence of hateful statements classification models. The Arabic 

BERT-Mini model (ABMM) was introduced for identifying hateful statements in the Arabic language used 

by social media users. The study fine-tuned the BERT model for classifying data collected on Twitter (X) 

into hate speech, abusive, and normal, resulting in an accuracy of 0.986. The use of FastText embedding and 
the BERT model for cyberbullying detection was also employed by Joshi et al. [22]. The result shows that the 

proposed fusion framework achieved an accuracy of 96.58%. Furthermore, the pre-trained BERT model was 

employed to handle the challenges of multilingual threatening text classification throughout the Urdu and 

English fields [23]. Table 1 shows the gap in existing literature. The analysis indicates that there is limited 

and inadequate research on the classification and detection of life-threatening statements. 

While advanced approaches have explored hate speech detection in memes using a contrastive 

language-image pre-training model [24] and a fusion-based model. Bidirectional Transformer-based models 

were also employed for detecting life-threatening texts. Three open-source LLMs, including Llama-2, 

Gemma, and Mistral, were fine-tuned for [25]. The fine-tuned Llama-2 model achieved an accuracy of 

98.26%. The study indicates that the dataset used is extremely imbalanced, which could cause the model to 

be biased. Traditional text-based methods often overlook critical aspects such as contextual information and 

cultural cues [26]. In this regard,  [27] proposed the use of the T5 model due to its text summarization 

features. [28] discussed the use of the BERT pre-trained model for capturing complex and contextual 

information in preventing cyberbullying. The model achieved an accuracy of 93.4%. 

Table 1 presents a summary of related works and supports the increasing use of machine learning 

and deep learning methods to identify harmful online content, but, upon a more detailed comparison, the 

sources of datasets and scale vary greatly, as the studies were based on platforms like Reddit, Twitter, and 

blogs, with dataset instances varying between 2100 and 60188. Although social media sites such as X 

(Twitter) can be a valuable source of big data, they are usually noisy and short text-based, and this might not 

help us understand the context. On the contrary, blog-based datasets can provide more context, but are 

frequently smaller and less heterogeneous. While some models performed excellently, their practical use 

remains limited, and they fail in real-time applications because they mostly fail to capture the conceptual 

nuance that may exist in the grammar when people try to mask a statement using negative polarity items.  

 

Table 1. Gap Analysis Related Works  

S/

N 

Study Data 

source/size 

Method used Acc. 

(%) 

Target threat Gap 

1 [29] Reddit/2100 Su-RoBERTa 69.85 Suicide Low accuracy for real-

time integration. 

2 [12] Twitter/10000 XGBoost, Random 

Forest, and Logistic 

Regression 

99.6 Suicide The study focuses only 

on classifying suicidal 

ideation using ML 

techniques. 
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3 [28] Socia media RF, LinearSVC, LR, 

SGD, MultinomialNB, 

CNN, LSTM, BERT 

(fine-tuned) 

93.4 Cyberbullying The limitations are 

multilingualism, 

dataset imbalance, and 

the fluid and sarcastic 

nature of offensive 

language. 

4 [30] Twitter/60188 KNN, Naive 

Bayes, Decision Tree 

(DT), SVM, and 

Random Forest. 

96.22 Hate speech The study focuses only 

on hate speech, and 

only supervised 

machine learning 

algorithms were 

explored. 

5 [22] Blog/10000 mBERT 80.42 Cyberbullying The study highlights 

potential dataset 

biases. It also focuses 

generally on 

cyberbullying. 

6 [25] TEL corpus Llama-2, Gemma and 

Mistral  

98.26 Life-

threatening 

The study indicated 

that the dataset 

suffered from extreme 

dataset imbalance. 

 

3. METHOD 

This section discusses the material used in performing the analysis on the dataset used in this study, 

as well as the methods and techniques employed accordingly.  

3.1. Proposed Model Framework 

This section discusses the proposed system architecture and the specific process flow diagram for 

building the models. The architecture of the system is presented in Figure 1. After the data was collected. The 

collected data was preprocessed accordingly and separated into the training and testing sets using a 70:30 

ratio. The training set was utilized to train the model with a grid search technique for hyperparameter tuning 

to obtain the best parameters for each model. After training, the models’ performances were assessed using 

several evaluation metrics to identify the golden model, and then the golden model was integrated for 

classifying new data. Figure 2 illustrates the process flow of the models developed. 

3.2. Dataset 

Data is the most important factor driving a machine learning-based system. Therefore, this study 

carefully employed different techniques and sources for data collection. Figure 3 illustrates the methods 

employed for data collection. Three data collection techniques were used. Data were scraped from X 

(formerly Twitter) using the X API in accordance with the platform’s developer and data usage policies. Data 

were also collected from the TEL Corpus [31], and since a moderately large quantity of data is needed to 

adequately train a model, synthetic data were carefully collected and scrutinized. Data from these three 

sources was then merged into a single data bucket. The scraped data on X is labeled as “X API,” and it 

contains 200 instances. The X-API data were carefully analyzed and classified accordingly. 0 represents a 

non-life-threatening statement while 1 represents a life-threatening statement. The data collected from the 

TEL corpus contains 299 instances and was labeled as “TEL Corpus”. The generated synthetic data, which 

contains 4500 instances, was labeled as “Synthetic Data”. Classes were generated with the data, and they 

were carefully analyzed to ensure each statement conforms to the assigned class. The total number of data 

instances collected before preprocessing was performed is 4999 instances. These data were merged and 

stored in a dataset labeled as “Life Threatening Statement Dataset”. Table 2 shows the data distribution per 

source before preprocessing. 
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Figure 1. Life-Threatening Statement Detection System Architecture 

 
Figure 2. Life-Threatening Statement Detection Process Flow 
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Figure 3. Data Collection for Life-Threatening Statement Implementation 

 

Table 2. Data Distribution per Source 

S/N Source Number of Samples 

1. X API 200 

2. TEL Corpus 299 

3. Synthetic Data 4500 

 Total 4,999 

3.3. Application of  Models for Life-Threatening Statement Detection  

This study employed two supervised ML algorithms, two deep learning algorithms, and two LLM 

models for the classification and detection of life-threatening statements. Multiple algorithms were employed 

to ensure that the results are not based on a single approach or assumption. Different algorithms learn 

patterns in different ways. These algorithms and models include Random Forest (RF), Support Vector 

Machine (SVM), Long Short-Term Memory (LSTM), Feedforward Neural Network (FFNN), Bidirectional 

Encoder Representations from Transformers (BERT), and Text to Text Transfer Transformer (T5). 

3.3.1. Random Forest 

RF is a common and effective supervised learning algorithm, capable of solving regression and 

classification problems. One of the advantages of RF is that overfitting of the training set is less of an issue 

[32]. It works by building multiple DTs during training and uses the result of each decision tree to make a 

better prediction. The relevance of features on a DT is determined as shown in (1).  

 

 fii =   
∑  nij

v

j:node j splits on feature i

∑ nik
 
kεall nodes

                    (1) 

 

Here, fii denotes the significance of parameter i, and the significance of node j is denoted by ni j. The RF 

algorithm was optimized using a grid search to identify a suitable combination of hyperparameters. The 

parameter grid explores variations in the number of trees, tree depth, and node splitting criteria to balance 

model complexity, generalization, and avoid overfitting. A 3-fold cross-validation scheme was employed to 

ensure robust performance evaluation across different data partitions. Model selection was based on 

classification accuracy as the primary evaluation metric. To enhance computational efficiency, parallel 

processing was enabled by utilizing all available processor cores, and a fixed random state was applied to 

ensure reproducibility of results, as shown in Figure 4. Table 3 shows the hyperparameter settings for the RF 

algorithm. 
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Table 3. Hyperparameter Settings for the RF Algorithm 

S/N Parameters Value 

1. GidSearch parameters n_estimators: [100, 200], 

max_depth: [None, 20, 50], 

min_samples_split: [2, 5] 

2. Random state 42 

3. cv 3 

4. verbose 2 

5. Number of jobs -1 

6. Scoring Accuracy 

 

 
Figure 4. Random Forest Architecture 

3.3.2. Support Vector Machine 

SVM’s primary goal is to discover the best hyperplane that linearly divides the instances into two 

components during margin optimization [33]. Figure 5 shows the mathematical interpretation of the optimal 

hyperplane. The linear hyperplane equation is expressed in (2). 

 

𝑤𝑇𝑥 + b =  0                      (2) 

 

Here, the normal vector (w) is perpendicular to the hyperplane, and b is the offset or bias term that 

represents the gap of the hyperplane from its starting point along the normal vector (w).  

 

Table 4. Hyperparameter Settings for SVM Algorithm 

S/N Parameters Value 

1. GidSearch parameters C: [0.1, 1, 10], 

kernel: ["linear", "rbf"], 

gamma: ["scale", "auto"] 

2. cv 3 

3. verbose 2 

4. Number of jobs -1 

5. Scoring Accuracy 
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Table 4 shows the parameter settings for the SVM algorithm used to train the model. Grid search 

was employed for the best hyperparameter configuration. The regularization parameter (C) was varied across 

values of 0.1, 1, and 10 to control the trade-off between maximizing the margin and minimizing classification 

error. Two kernel functions, linear and radial basis function (RBF), were considered to evaluate both linear 

and non-linear decision boundaries, while the gamma parameter defines the influence of individual training 

samples in the RBF kernel. The model selection was also performed using 3-fold cross-validation and all 

available processor cores. 

 

 

Figure 5. SVM Optimal Hyperplane 

3.3.3. Long Short-Term Memory 

LSTM is known to be a powerful RNN model built to avoid and eradicate the vanishing and slope 

problems that arise naturally during dependency learning. Such problems are long-term, even when the 

minimal lag time is too long. The error signal between each cell’s units is prevented using a constant error 

carousel (CEC). The cells are recurrent networks themselves with an architecture that is fantastic in the way 

that there is an extension of the CEC with extra features, which forms the cell of the memory through the 

input and output gates. The feedback is illustrated using connections that are self-recurrent with a one-time 

lag step [34]. The architecture is presented in Figure 6. 

 

 
Figure 6. LSTM Architecture 

 

The LSTM modules consist of three internal gates, which are the input, output, and the forgotten 

gate. If the forgetting gate case, it incorporates a tangent hyperbolic layer. The forgotten gate permits the 

addition or removal of information to the cell state, known to be a link that allows the transfer of information 

from one module of LSTM to another. The entry of other information is controlled by the input gate. 

Forgotten information is controlled by the forgotten gate by permitting discrimination between important data 

and unnecessary data by the cell state, while providing space for fresh data. Because of this, a hyperbolic 

tangent layer is brought in combination with the sigmoid layer. The memory outcome that is saved within the 

cell state is regulated by the output gate. The cell state possesses the function for optimizing weight 

depending on the output error result of the network, which controls the individual gate. The state of the cell 

and the output value obtained by the module are moved to the next module of the LSTM [35]. Table 5 

presents the hyperparameter settings for the LSTM algorithm. The model begins with an embedding layer, 
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which transforms each word into a dense vector representation, allowing the network to learn semantic 

relationships between words. A spatial dropout layer is applied to reduce overfitting by randomly dropping 

entire word embeddings during training. A bidirectional LSTM is used to capture context from both past and 

future words in the sequence, which improves understanding of sentence meaning. The learned features are 

then passed through a dense layer for further refinement, followed by dropout for regularization. Finally, a 

softmax output layer predicts the class probabilities. The model is trained using the Adam optimizer, which 

provides efficient and adaptive learning. 

 

Table 5. Hyperparameter Settings for the LSTM Algorithm 

S/N Parameters Value 

1. Embedding Layer input_dim = 20,000, output_dim = 128 

(embedding size), input_length = 200 

2. Spatial Dropout 0.2 

3. Bidirectional LSTM 128 units, return_sequences = False 

4. Dense Layer 128 neurons, ReLU activation, Dropout = 0.3 

5. Output Layer num_classes neurons, Softmax activation 

6. Optimizer Adam 

7. Epochs 6 

3.3.4. Feedforward Neural Network 

FFNN is a kind of ANN in which the flow of information is directly from the input layer, goes 

through the hidden layer, and goes to the output layer. It is a kind of neural network (NN) with connected 

nodes that do not form a circle. The functions in an FFNN include the cost function, log loss function, 

gradient learning algorithm, and output unit. Figure 7 illustrates the algorithm architecture, while Table 6 

shows the hyperparameter settings for the FFNN model. The model uses a TF-IDF vectorizer to convert text 

into numerical features, capturing both single words and two-word phrases (bigrams) while limiting the 

vocabulary to the 10,000 most important terms [36]. 

The feedforward neural network (FFNN) is designed with two hidden layers to learn patterns from 

these features. The first layer is relatively large (512 neurons) to capture complex relationships, while the 

second layer (256 neurons) refines these learned patterns. Dropout layers are introduced to prevent overfitting 

by randomly disabling some neurons during training. The model is trained using the Adam optimizer, which 

adapts learning efficiently, and uses sparse categorical cross-entropy as the loss function since the labels are 

integers.  

 

Table 6. Hyperparameter Settings for FFNN Algorithm 

S/N Parameters Value 

1. TF-IDF Vectorization max_features = 10,000, ngram_range = (1, 2) 

2. Hidden Layer 1 512 neurons, ReLU activation, Dropout 1 = 0.3 

3. Hidden Layer 2 256 neurons, ReLU activation, Dropout 2 = 0.2 

4. Output Layer num_classes neurons, Softmax activation 

5. Optimizer Adam 

6. Epochs 6 
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Figure 7. General model of an FFNN  

3.3.5. BERT Model 

The BERT model is a large language model that uses the encoder-only transformer architecture [37]. 

BERT is a pile of transformer encoder layers [38] comprising several self-attention heads. Each head 

calculates key, value, and query vectors for each input token in a sequence, which are then utilized to produce 

a weighted representation [39]. A fully connected layer is created by combining the heads’ outputs of a 

matching layer. Layer normalization comes after wrapping each one of them with a skip connection. The pre-

trained BERT model can be fine-tuned with just one additional output layer to create state-of-the-art models 

for a wide range of tasks, such as question answering, language inference, and classification [40]. Figure 8 

shows the BERT architecture, and Table 7 presents the hyperparameter settings for the model. 

A pre-trained BERT (bert-base-uncased) model is fine-tuned for text classification. Instead of 

building representations from scratch, the model leverages knowledge learned from large-scale text data. The 

text is tokenized using BERT’s tokenizer, which converts sentences into token IDs while ensuring all inputs 

have the same length through padding and truncation. Attention masks are also created to help the model 

distinguish between actual text and padded values. The classification model adds a final layer on top of 

BERT to predict the target classes. A relatively small batch size is used due to the computational cost of 

BERT, and the model is trained for a few epochs to fine-tune its pre-trained knowledge without overfitting. 

 

Table 7. Hyperparameter Settings for BERT Model 

S/N Parameters Value 

1. Pre-trained model bert-base-uncased 

2.  Tokenizer BERT tokenizer 

3. Padding max_length 

4. Truncation True 

5. Train Batch Size 8 

6. Evaluation Batch Size 8 

7. Epochs 4 

 

 

Figure 8. BERT supervised training architecture 

3.3.6. T5 Pre-trained Model 

The Text-to-Text Transfer Transformer (T5) model is a pre-trained model with an encoder-decoder 

architecture that has been pre-trained on a diverse set of both unsupervised and supervised tasks. Its unique 

design allows it to handle various natural language processing (NLP) tasks by converting each task into a 
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consolidated text-to-text representation. In contrast to the standard approaches that use task-based 

architectures, T5 generalizes across multiple tasks using a single framework. 

One of T5’s key features is its ability to differentiate tasks using specific prefixes added to the input 

text. For example, when performing machine translation, a prefix such as "translate English to German:" is 

prepended to the input text, guiding the model toward the expected task. Similarly, for summarization tasks, 

the input is prefixed with "summarize:" to indicate that the model should generate a concise summary of the 

given text. Due to its flexible and scalable architecture, T5 performs well on a wide range of NLP 

applications, including text generation, summarization, translation, and question-answering. By leveraging 

transfer learning and large-scale pre-training, the T5 model has been a grounded state-of-the-art model, 

making it a powerful and adaptable model for various text-based AI tasks. Figure 9 shows the T5 model 

architecture, while Table 8 illustrates the hyperparameter settings. 

A pre-trained T5 (t5-small) model is used for text classification by framing the task as a text-to-text 

problem. Each input sentence is prefixed with "classify: " to guide the model toward the classification task. 

The tokenizer converts both the input text and the target labels into token IDs, ensuring fixed lengths through 

padding and truncation. The model itself is a sequence-to-sequence transformer, meaning it reads the input 

text and generates the corresponding label as output. During training, the model learns to map input 

sequences to their correct textual labels. For evaluation, the generated predictions are decoded back into text 

and compared with the true labels using accuracy. Like the BERT setup, training uses small batch sizes due 

to computational cost. 

 

Table 8. Hyperparameter Settings for T5 Model 

S/N Parameters Value 

1. Pre-trained model t5-small 

2.  Task format Text-to-text ("classify: <text>" - "<label>") 

3. Padding max_length 

4. Truncation True 

5. Train Batch Size 8 

6. Evaluation Batch Size 8 

7. Epochs 4 

 

 

Figure 9. T5 model architecture 

 

 

4. RESULTS AND DISCUSSION 

The models developed were analyzed using performance evaluation metrics commonly used for 

classification algorithms. These metrics include F1-score, accuracy, precision, and Recall. The experiment in 

this study was conducted on Kaggle Notebook with Keras provision, and the TensorFlow library was 

employed for building the two deep learning models. 

4.1. Data Preprocessing and Exploratory Data Analysis (EDA) 

Data preprocessing was performed to prepare the dataset for model development. The presence of 

null entries was discovered, and the affected instances were removed accordingly. The total number of null 

entries removed is 169, and this results in a total of 4830 instances of data left for model development. Table 

9 shows the normalization techniques employed to normalize the data before training for each model.  
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Table 9. Normalization Techniques 

S/N Model Technique 

1. RF TF-IDF + L2 normalization 

2. SVM TF-IDF + L2 normalization 

3. LSTM Tokenization + padding/truncation 

4. FFNN TF-IDF + L2 normalization 

5. BERT WordPiece tokenization + pretrained embedding normalization 

6. T5 Subword tokenization + pretrained embedding normalization 

 

Exploratory data analysis was carried out on the collected dataset to analyze patterns, trends, and 

word usage. Different techniques and data visualization tools were used to perform this operation. 

Exploratory Data Analysis (EDA) plays an important role in shaping how a model is developed because it 

helps in understanding the dataset before training begins. By examining the data, issues like missing values, 

noise, or class imbalance can be spotted, which then guide the data cleaning process. It also reveals patterns 

and relationships within the data, which can help in deciding the most suitable feature representation, such as 

whether to use TF-IDF or embeddings. In addition, insights from EDA can influence the choice of model, 

since the nature and size of the data often determine whether a classical machine learning approach or a deep 

learning model is more appropriate. Overall, EDA ensures that decisions made during model development 

are based on actual data characteristics, leading to more accurate and reliable results. Table 10 and Figure 10 

show the sample distribution across the two classes available in the dataset. 

 

Table 10. Distribution Sample per Class for Dataset 

S/N Class Number of Samples 

1. Life-Threatening Statements 2,436 

2. Non-Life-Threatening Statements 2,394 

 Total 4,830 

 

 

Figure 10. Class Distribution 

 

The sample distribution presented in Table 10 shows that the dataset used for this study contained 

4830 instances, of which 2436 were life-threatening statements, and 2394 were non-life-threatening 

statements. This indicates a strong balance between the two classes. Analyses were also performed at the 

feature level. Figure 11 (a) and Table 11 show the word count distribution by class. The average word count 

for threatening statements is approximately 7 words, while the average for non-threatening statements is 

approximately 13 words. The character count for threatening and non-threatening statements is 

approximately 44 and 88, respectively. This indicates that life-threatening statements tend to have shorter 

sentences compared to non-threatening statements and may be more direct and concise. Life-threatening 

statements show higher negative polarity, which indicates that the statements are perceived to be more 

forceful, and the user may intentionally use negative polarity items to deceive the existing traditional model. 

 



ISSN: 2583-6250         Prisma Publications 

 

Int. J. of DI & IC, Vol. 5, No. 2, June 2026: 16-34 28 

 

 

(a) Word Count Distribution by Class 

 

(b) Character Count Distribution by Class 

 

(c) Sentiment Analysis 

 

Figure 11. These are figures for feature-level analyses. (a) shows the graphical representation of word count 

by class; (b) shows the graphical representation of character count by class, and (c) shows the graphical 

representation of the sentiment analysis regarding negative polarity. 

 

Table 11. Feature-Level Analyses 

S/N Feature Threat Mean Non-Threat Mean 

1. Word count 7.25 13.25 

2. Character count 44.45 87.65 

3. Sentiment 0.0774 0.0195 

4.2. Performance Evaluation 

The models were evaluated using different performance evaluation metrics. These metrics include 

the benefit metrics, cost metrics, and confusion matrix. Table 12, Figure 12, and Figure 13 show the results of 

the evaluation. 

Table 12. Models’ Performance Evaluation 

S/N Models Benefit Measures Cost Measures 

Accuracy Precision Recall MCC F1-Score MAE MSE RMSE 

1 RF 0.9855 0.9857 0.9855 0.9712 0.9855 0.0144 0.0144 0.1203 

2 SVM 0.9844 0.9844 0.9844 0.9689 0.9844 0.0155 0.0155 0.1246 

3 FFNN 0.9886 0.9886 0.9886 0.9772 0.9886 0.0113 0.0113 0.1067 

4 LSTM 0.9689 0.9693 0.9689 0.9382 0.9689 0.0310 0.0310 0.1762 

5 BERT 0.9855 0.9855 0.9855 0.9710 0.9855 0.0144 0.0144 0.1203 

6 T5 0.9803 0.9803 0.9803 0.9860 0.9803 0.0196 0.0196 0.1402 
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Figure 12. Models' Performance Evaluation using benefit measures 

 

 

Figure 13. Models' Performance Evaluation using cost measures 

 

All the models achieved an accuracy above 96%, indicating good performance across the models. 

The result shows that RF model built achieved an 98.55% accuracy, 98.57% precision, 0.0144 MAE, and 

RMSE value of 0.1203; the SVM model attained an accuracy of 98.44%, 98.44 precision, 0.0155 MAE, and 

0.1246 RMSE; the FFNN model attained 98.86% accuracy, 98.86 precision, 0.0113 MAE, and 0.1067 

RMSE; the LSTM model attained 96.89% accuracy, 96.93 precision, 0.0310 MAE, and 0.1762 RMSE; the 

BERT model achieved an accuracy of 98.55%, precision of 98.55, MAE of 0.0144, and RMSE value of 

0.1203; and the T5 model attained 98.03% accuracy, 98.03 precision, 0.0196 MAE, and 0.1402 RMSE value. 

Furthermore, the models were evaluated using confusion matrices. Figure 14 illustrates the confusion 

matrices of the developed models, and a summary of the figures is presented in Table 13. 

 

Table 13. Models’ Performance Evaluation using the Confusion Matrix 

S/N Models TP FP FN TN 

1 RF 467 2 12 485 

2 SVM 471 7 8 480 

3 FFNN 472 4 7 483 

4 LSTM 471 22 8 465 

5 BERT 468 5 9 484 

6 T5 466 8 11 481 
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(a) 

 
(b) 

 
(c) 

 

 
(d) 

 
(e) 

 
(f) 

 

Figure 14. These are figures for the confusion matrices. (a) shows the CM for the RF model; (b) 

shows the CM for the SVM model; (c) shows the CM for the FFNN model; (d) shows the CM for the LSTM 

model; (e) shows the CM for the BERT model; and (f) shows the CM for the T5 model. 

 

Table 13 shows that the RF model was unable to classify 14 instances accurately, the SVM model 

misclassified 15 instances, the FFNN model misclassified 11 instances, the LSTM model misclassified 30 

instances, the BERT model misclassified 14 instances, and the T5 model misclassified 19 instances. 

4.3. Discussion of Findings 

The exploratory data analysis result shows that life-threatening statements have fewer words 

compared to non-life-threatening statements. This indicates that rather than telling the actual cause of the 

circumstance or the actions that warrant the statement, people who engage in threatening others or themselves 

on social media platforms often use statements that are concise and direct, stating only the harm they intend 

to cause. According to the results of the performance evaluation metrics, the FFNN model provides the best 

performance score with respect to benefit and cost measures by achieving the highest benefit measures and 

lowest cost measures compared to other models evaluated. It also surpassed the other model in terms of 

performance evaluation using confusion matrices. It has the highest instances accurately classified and the 

lowest misclassified instances. This indicates that the FFNN model demonstrates better robustness and 

precision, making it highly reliable for detecting life-threatening statements compared to other models. 

The superior performance of the FFNN model can be attributed to the characteristics of the dataset 

and the feature representation used. Since the dataset was relatively structured and represented using TF-IDF 

features, the FFNN was able to effectively learn from these high-quality sparse representations. In contrast, 

transformer-based models such as BERT and T5 typically require larger datasets and more extensive fine-

tuning to fully leverage their contextual learning capabilities. The limited dataset size and relatively short 

training epochs may have constrained their performance in this study. Additionally, the computational setup 

and hyperparameter configuration may not have been fully optimized for deep transformer models. Overall, 

these factors likely contributed to the observed result where the simpler FFNN model achieved better 

performance in this specific experimental setting. Table 14 presents the comparison between this study and 

existing related work. The Golden models from the literature reviewed were compared to the Golden model 

developed in this study. 
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Table 14. Benchmark with Existing Literature 

S/N Literature Golden Model Dataset source Accuracy F1 score 

1 [41] BERT-CNN X (Twitter) 92.34 - 

2 [25] Llama-2 Dynamically generated hate 

speech” dataset and TEL corpus 

96.96 89.77 

3 [29] BERT Multi-source (Mandl, Basile, 

Dynamic) 

86.67 79.13 

4 [22] Fusion model Hinglish blog corpus 96.58 96.59 

5 The 

proposed 

model 

FFNN X (Twitter), TEL corpus, and 

synthetic dataset. 

98.86 98.86 

 

The result shows that the Feedforward Neural Network (Golden) model built in this work 

outperformed all models in the existing literature in terms of accuracy and F1-score. The use of grid search is 

of great advantage in model building as it helps to find the most effective configuration for a model in a 

structured way. Instead of guessing which parameters work best, it tests all possible combinations within a 

given range and identifies the one that produces the best result. This makes the model more accurate and 

reliable, as it is tuned based on evidence rather than trial and error. It also leads to more optimized and robust 

model performance, especially when combined with cross-validation for the reduction of model overfitting 

and improvement of generalization. 

 

5. CONCLUSION 

This study applied multiple categories of machine learning and deep learning algorithms with large 
Language Models for classifying life-threatening and non-threatening statements. The results show that the 

FFNN model achieved an accuracy of 98.86%, precision of 98.86%, MCC of 97.72%, Recall of 98.86%, 

MAE of 0.0113, and RMSE of 0.1067. The confusion matrix shows that the FFNN model was able to 

classify 955 of 966 instances of the testing set correctly, which is more than other models. This confirmed 

that the Feedforward Neural Network model consistently outperformed the others, including the BERT and 

T5 models, which are LLMs. In conclusion, the analysis of the life-threatening dataset demonstrates the 

critical role of ML techniques in comprehending, identifying, and detecting the class a statement may belong 

to, which could be of great importance in scrutinizing and protecting the society we have found ourselves in. 

By leveraging machine learning for classification and interpretability, we can uncover hidden patterns that 

support timely decision-making and intervention. The study highlights that, beyond achieving high accuracy, 

data quality and in-depth understanding of contextual information are crucial in tasks such as detecting life-

threatening statements to avoid high false positives or false negatives, as they could trigger the system to give 

a false alarm. The limitations of the study include a limited dataset size, the inability to fully capture 

contextual information, and the real-time deployment of the golden model. Therefore, it is recommended that 

further studies focus on increasing the dataset to capture more diverse patterns, integrating explainability 

techniques for model interpretation, incorporating advanced techniques for contextual understanding to build 

a more reliable model for classifying and detecting life-threatening statements, and real-time implementation. 
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