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ABSTRACT 

In today’s rapidly evolving digital landscape, cyber threats pose significant challenges to 

organizations and individuals alike. The increasing volume and complexity of social 

media content, network traffic, and textual data necessitate automated, intelligent systems 

capable of accurately detecting potential threats in real time. This project presents a 

Cyber Threat Identification System that leverages Natural Language Processing 

(NLP) and Machine Learning (ML) ensemble techniques to identify potential cyber 

threats from textual data, such as tweets or network logs. The system processes input data 

through advanced text preprocessing methods, including tokenization, stop word removal, 

punctuation filtering, and lemmatization, to convert raw text into structured features 

suitable for ML modeling.To enhance prediction accuracy, multiple machine learning 

models, including Naive Bayes, Support Vector Machines (SVM), Logistic 

Regression, Decision Tree Classifiers, and Multi-Layer Perceptron (MLP) neural 

networks, are trained on labeled datasets. These models are further combined using a 

Voting Classifier ensemble approach, enabling robust predictions by aggregating the 

strengths of individual classifiers. The system dynamically predicts whether a given 

textual input indicates a cyber threat, providing real-time feedback to the user.The 

proposed system was implemented using Python, Django for web deployment, scikit-

learn for machine learning, and NLTK for NLP preprocessing. Experimental evaluation 

on a labeled dataset of textual content demonstrates high prediction accuracy, with the 

ensemble model outperforming individual classifiers in terms of precision, recall, and F1-

score. Additionally, the system provides an intuitive web interface for user interaction, 

supporting data submission, prediction visualization, and historical record storage.This 

project contributes to the field of cybersecurity by providing a scalable, automated 

solution for threat detection from unstructured text data. By integrating NLP and ML 

ensemble techniques, the system offers an efficient, accurate, and user-friendly tool for 

organizations to proactively identify cyber threats, thereby mitigating risks and 

improving overall security posture. Future extensions may incorporate real-time 

streaming data, integration with threat intelligence feeds, and incorporation of additional 

deep learning models for enhanced performance. 
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I. INTRODUCTION 

With the proliferation of internet connectivity and social media platforms, cyber threats 

have become increasingly sophisticated and widespread. Malicious activities, including 

phishing attacks, misinformation campaigns, and network intrusions, pose significant 

challenges for organizations seeking to secure their data and infrastructure. Traditional 

cybersecurity solutions, such as signature-based intrusion detection systems, are often 

insufficient to detect emerging threats in dynamic and unstructured textual data. 

Therefore, there is a pressing need for intelligent, automated systems capable of 

analyzing large volumes of textual information and identifying potential threats in real 

time.Natural Language Processing (NLP) has emerged as a powerful tool for analyzing 

and understanding textual data. By leveraging NLP techniques, unstructured text can be 

transformed into structured features that machine learning algorithms can process 

effectively. Techniques such as tokenization, stop word removal, punctuation filtering, 

and lemmatization allow the system to focus on the most relevant words and phrases that 

may indicate malicious intent. Coupled with robust machine learning models, NLP 

enables the detection of patterns and anomalies indicative of cyber threats.This project 

proposes a Cyber Threat Identification System that combines NLP preprocessing with 

an ensemble of machine learning models to accurately predict cyber threats from textual 

data. The system incorporates multiple classifiers, including Naive Bayes, SVM, 

Logistic Regression, Decision Tree Classifiers, and MLP neural networks, to leverage 

diverse learning paradigms. A Voting Classifier aggregates predictions from all models, 

providing a more reliable and robust output. This ensemble approach mitigates the 

limitations of individual classifiers and enhances overall system accuracy.The system is 

implemented using Python and Django, offering a web-based interface where users can 

submit textual data and receive predictions. Each input is processed, classified, and stored 

in a database for future reference. The use of modern ML frameworks like scikit-learn 

ensures scalability and ease of integration with other systems. The project emphasizes 

both predictive accuracy and practical deployment, providing a real-world solution for 

organizations and researchers.In summary, this project addresses the growing need for 

automated cyber threat detection systems capable of handling unstructured text data. By 

integrating NLP and ensemble machine learning techniques, it delivers an efficient, 

scalable, and accurate platform for proactive cybersecurity. 

II. LITERATURE SURVEY (WITH EXISTING METHODS) 

Recent research in cyber threat detection emphasizes the importance of machine 

learning and NLP techniques for analyzing textual and network data. Traditional 

signature-based detection methods fail to identify novel threats, motivating the adoption 

of data-driven approaches. 

1. Naive Bayes for Text Classification – Naive Bayes classifiers have been widely 

used for detecting malicious text and spam due to their simplicity and efficiency. 

International Journal of Engineering Science and Advanced Technology(IJESAT) Vol 26 Issue 04, April, 2026

ISSN:2250-3676 www.ijesat.com Page 1447 of 1456



Studies show that despite strong independence assumptions, Naive Bayes often 

performs well on large-scale textual datasets.  

2. Support Vector Machines (SVM) – SVMs are effective for high-dimensional 

text data and have been applied successfully in cyber threat identification, 

malware detection, and phishing classification.  

3. Decision Trees and Random Forests – Decision trees provide interpretable 

models for threat classification, while ensemble versions like Random Forests 

improve accuracy and robustness.  

4. Neural Networks (MLP and CNN) – Deep learning techniques have gained 

attention for capturing complex patterns in text data. Multi-Layer Perceptron 

(MLP) networks and Convolutional Neural Networks (CNNs) have been explored 

for social media threat detection and intrusion detection.  

5. Voting Classifier Ensembles – Ensemble learning has shown superior 

performance by combining multiple models. Voting classifiers aggregate 

predictions, reducing the variance and bias inherent in individual models, leading 

to higher predictive reliability.  

Overall, existing methods demonstrate the value of combining NLP with diverse machine 

learning models to enhance detection performance. This project extends these approaches 

by integrating multiple classifiers into a single ensemble system within a web-based 

platform for cyber threat identification. 

III. EXISTING SYSTEM 

Traditional cyber threat detection systems primarily rely on manual monitoring and 

signature-based techniques. These methods often involve static rule sets or predefined 

patterns to identify threats, which limits their ability to detect novel or evolving cyber 

attacks. Signature-based systems fail when threats deviate from known patterns, leaving 

organizations vulnerable.Existing ML-based approaches typically focus on a single 

model, such as Naive Bayes or SVM, for text classification. While these methods achieve 

moderate accuracy, they often suffer from overfitting, poor generalization, or inability to 

handle diverse datasets. Some deep learning approaches have been explored, but they 

require extensive computational resources and large datasets, limiting practical 

deployment.Furthermore, current systems lack real-time integration with user-friendly 

interfaces for non-technical stakeholders. Data preprocessing, model training, and threat 

prediction often remain separate steps, making deployment cumbersome.This project 

addresses these limitations by implementing an NLP-based ensemble learning system 

that combines multiple classifiers through a Voting Classifier, providing robust 

predictions with improved accuracy. The web-based Django platform ensures ease of use, 

real-time predictions, and data storage for future analysis, bridging the gap between 

theoretical ML models and practical cybersecurity solutions. 
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IV. PROPOSED METHOD 

The proposed system is an intelligent Cyber Threat Identification framework that 

leverages Natural Language Processing (NLP) and an ensemble of machine learning 

classifiers to detect cyber threats from text-based data sources such as tweets, logs, or 

network alerts. The key objective is to convert unstructured textual content into 

meaningful numerical representations using NLP preprocessing and then perform 

multi-model classification to distinguish between threat and non-threat instances. First, 

raw textual inputs are preprocessed through tokenization, removal of stop words, 

punctuation filtering, and lemmatization, transforming them into a clean and normalized 

format suitable for feature extraction. Using a Bag-of-Words (BoW) approach (using 

CountVectorizer), the text is vectorized into fixed-length feature vectors that represent 

word occurrence patterns for model training.To improve predictive performance and 

robustness, the system integrates five different machine learning algorithms: Naive 

Bayes, Support Vector Machine (SVM), Logistic Regression, Decision Tree, and 

Multi-Layer Perceptron (MLP). Each model learns unique decision boundaries from 

the training dataset and is evaluated separately on unseen test data. Finally, a Voting 

Classifier ensemble aggregates the individual predictions using majority voting to 

produce the final decision. This ensemble approach exploits the strengths of different 

classifiers, often yielding higher accuracy and lower error rates compared to standalone 

models.The Django web framework is used to deploy the system with a user-friendly 

interface, where users can input textual data, trigger predictions, and log the results into a 

database for historical analysis. This modular design allows real-time threat identification 

and future extension to other data sources like IoT logs or cybersecurity reports. The 

proposed system thus offers a scalable, accurate, and interactive threat detection 

solution suitable for research and practical cybersecurity applications. 

V. IMPLEMENTATION 

The system implementation combines machine learning pipelines with a Django web 

application, enabling easy deployment and real-time user interactions. The complete 

workflow spans data loading, preprocessing, model training, evaluation, prediction, and 

connection to front-end templates. 

Data Handling & Preprocessing 

The core dataset, stored in Datasets.csv, contains labeled tweet texts with corresponding 

threat indicators. When a user submits an input tweet via the web UI, the back-end first 

reads the dataset using Pandas. For each text entry, tokenization is applied using 

NLTK’s word_tokenize() function to break the sentence into individual tokens. Next, 

stop words from the English NLTK corpus and punctuation marks are removed. 

Additional character filters eliminate tokens such as URLs or social media 

artifacts.Lemmatization (via WordNetLemmatizer) transforms words into their root 

forms, reducing morphological variations and normalizing input for feature extraction. 

After preprocessing, the clean textual corpus is fit-transformed using CountVectorizer 

from scikit-learn, converting text into a sparse matrix of token counts. 

International Journal of Engineering Science and Advanced Technology(IJESAT) Vol 26 Issue 04, April, 2026

ISSN:2250-3676 www.ijesat.com Page 1449 of 1456



Model Building & Evaluation 

The feature matrix X and labels y are split into training and test subsets using 

train_test_split(), ensuring a representative set for evaluation. Five ML models are trained: 

1. Multinomial Naive Bayes: Works well with discrete token count features.  

2. Linear Support Vector Machine (SVM): Designed for high-dimensional 

classification.  

3. Logistic Regression: A baseline probabilistic classifier.  

4. Decision Tree Classifier: Non-linear model capturing hierarchical decisions.  

5. MLPClassifier: A neural network-based model for capturing complex decision 

boundaries.  

Each model is trained on the training data and evaluated using accuracy_score, 

classification_report, and confusion_matrix. These provide quantitative measures of 

performance, helping assess strengths and weaknesses of each algorithm. 

Ensemble Voting Classifier 

The distinct models are integrated into an ensemble Voting Classifier, which uses 

majority voting to combine individual predictions. This approach typically offers better 

generalization by smoothing over individual model biases. 

Django Integration 

The project is structured as a Django app with views handling data submission and 

prediction logic. When a request arrives at Predict_Cyber_Threat_Identification_Type, 

the view executes the processing pipeline: 

1. Extract form inputs.  

2. Load dataset and preprocess text.  

3. Train models and the Voting Classifier.  

4. Transform the user’s text into feature vectors.  

5. Predict the threat label.  

6. Store prediction results in the database via the cyber_threat_identification model.  

7. Render the template with prediction output.  

User Interface 

HTML templates allow users to enter tweet text and additional metadata. The interface 

provides feedback after classification and displays results, enabling non-technical users to 

interact with the system seamlessly. 
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Scalability & Extensibility 

The modular nature of text preprocessing and model training allows the system to extend 

to other NLP tasks, such as threat severity labeling or multilingual threat detection. 

Backend storage (via Django ORM) ensures persistence and future analytic capabilities. 

VI. ALGORITHMS 

The system leverages a set of widely used machine learning algorithms, each with 

distinct characteristics suited for text classification tasks. 

1. Multinomial Naive Bayes 

The Naive Bayes classifier assumes feature independence and calculates the posterior 

probabilities of classes based on token frequencies. It is particularly effective for text data 

where the frequency of word occurrences is a strong indicator of class. It is 

computationally efficient and performs well with high-dimensional sparse data. 

2. Support Vector Machine (Linear SVM) 

SVM seeks to find the optimal hyperplane that separates different classes in 

high-dimensional space. Linear SVM is well suited for text classification due to its 

effectiveness with sparse feature vectors and robustness to overfitting. It maximizes the 

margin between classes, improving generalization. 

3. Logistic Regression 

Logistic Regression models the probability of class membership using a sigmoid 

function. It is a linear model that balances interpretability with effectiveness, especially 

when features have predictive linear separability. 

4. Decision Tree Classifier 

Decision Trees recursively split data into subsets based on feature values, forming a tree 

where leaf nodes represent class predictions. They handle non-linear relationships and are 

easy to interpret, although they can overfit without pruning. 

5. Multi-Layer Perceptron (MLP) 

MLP is a feedforward neural network that learns complex, non-linear decision 

boundaries. Through hidden layers and backpropagation, it adapts weights to minimize 

classification error, capturing patterns traditional models may miss. 
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6. Ensemble Voting Classifier 

The Voting Classifier combines predictions from all base models using majority voting. 

The approach improves model robustness and reduces the risk associated with depending 

on a single classifier by aggregating diverse decision boundaries. 

VII. SYSTEM DESIGN 

The system architecture is composed of interconnected modules that process input, 

perform classification, store and present results. The key components are: Front-end UI, 

Django views, preprocessing module, model training module, ensemble classifier, and 

database storage. 

Architecture Overview 

1. User Interface (UI) 

The UI is constructed with HTML forms embedded in Django templates. Users 

enter data for cyber threat prediction, including the text to analyze and optional 

metadata. A submit button triggers a POST request to the server.  

2. Django Request Handling 

Django receives HTTP requests and directs them to appropriate view functions 

defined in views.py. The Predict_Cyber_Threat_Identification_Type view 

captures inputs and initiates classification.  

3. Preprocessing Module 

This module implements NLP techniques using NLTK and scikit-learn. First, text 

is tokenized to break sentences into words. Punctuation and stop words are 

removed to reduce noise, and lemmatization converts words to normalized forms. 

The cleaned text is then transformed into a numerical feature matrix via 

CountVectorizer, generating sparse vectors representing term frequencies.  

4. Model Training Module 

Upon feature extraction, the dataset is split into training and test sets. Each base 

machine learning algorithm is instantiated and fit to the training data. These 

models are trained to learn decision boundaries that differentiate cyber threat from 

non-threat text.  

5. Voting Classifier Ensemble 

After training individual models, they are combined into a Voting Classifier. 

During prediction, the ensemble takes inputs from each base model and outputs 

the final label based on majority votes, enhancing stability and accuracy.  

6. Prediction Engine 

User input is vectorized using the trained CountVectorizer and passed to the 

Voting Classifier. The prediction engine returns a class label — either “Threat” or 

“No Threat.”  
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7. Database Layer 

Django’s ORM is used to define models such as cyber_threat_identification, 

which store each prediction along with additional metadata like timestamp, source 

IP, and protocol. This persistent storage supports record-keeping and future 

analytics.  

8. Response Rendering 

After prediction, the result is formatted and sent back to the UI via template 

rendering. The interface displays the classification outcome and optionally stores 

it in the database for audit trails.  

Workflow Diagram (Text) 

[User Input] → [Django View] → [Preprocessing] → [Feature Vector] 
      ↓                              ↓ 

   [CountVectorizer]         [Train/Test Split] 

                                   ↓ 

         →→→→→→→→→→→ [Train Models] →→→→→→ 

                                   ↓ 

                            [Voting Classifier] 

                                   ↓ 

                        [Predict & Store Result] → [Database] 
                                   ↓ 

                             [UI Output View] 

Scalability & Modularity 

Each module is independent, allowing for replacement or enhancement. For example, the 

preprocessing component can be upgraded to use TF-IDF or word embeddings. The 

ensemble can incorporate additional deep learning models. Database storage enables 

long-term trend analysis and dashboards. 
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SYSTEM DESIGN IMAGES 
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VIII. CONCLUSION 

In conclusion, this research presents a robust, scalable, and accurate framework for 

automated cyber threat identification using NLP and ensemble machine learning 

techniques. By combining diverse classifiers such as Naive Bayes, SVM, Logistic 

Regression, Decision Tree, and MLP into a Voting Classifier, the system achieves 

improved prediction performance compared with single-model approaches. The 

integration of NLP preprocessing enables effective conversion of unstructured text into 

meaningful features, demonstrating that machine learning can be applied to real-world 

cybersecurity tasks involving textual data.The Django-based deployment provides a 

user-friendly front end and persistent database logging, bridging machine learning with 

practical application. Users can submit textual data, receive real-time threat predictions, 

and store results for historical analysis. This end-to-end system highlights the potential of 

combining traditional ML techniques with modern system design to address dynamic 

cyber threat landscapes.Experimental evaluation shows that ensemble learning enhances 

classification accuracy and stability, overcoming limitations associated with individual 

classifiers. The architecture ensures modularity and future extensibility — new models, 

improved feature extraction methods, or real-time streaming data can be incorporated 

with minimal redesign.Future work can explore integration with transformer-based NLP 

models, real-time data feeds, and anomaly detection from network telemetry. 

Incorporating explainable AI (XAI) techniques may provide deeper insights into 

classification decisions, improving interpretability for security analysts.Overall, the 

system illustrates how machine learning can augment cybersecurity defenses, providing a 

practical tool for automated threat detection that is both effective and deployable across 

different environments. 
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