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Abstract: An unsolicited means of digital communications in the internet world is the spam email, which 

could be sent to an individual or a group of individuals or a company. These spam emails may cause serious 

threat to the user i.e., the email addresses used for any online registrations may be collected by the malignant 

third parties (spammers) and they expose the genuine user to various kinds of attacks. Another method of 

spamming is by creating a temporary email register and receive emails that can be terminated after some 

certain amount of time. This method is well suited for misusing those temporary email addresses for sending 

free spam emails without revealing the spammers real account details. These attacks create major problems 

like theft of user credentials, lack of storage, etc. Hence it is essential to introduce an efficient detection 

mechanism through feature extraction classification for detecting spam emails and temporary email addresses. 

This can be accomplished through a novel Natural Language Processing based social media platform and 

email (NLP-RF) approach. With the help of our proposed approach, the spam emails are reduced and this 

method improves the accuracy of spam email filtering, since the use of NLP makes the system to detect the 

natural languages spoken by people and the Random Forest approach uses multiple decision trees and uses a 

random node for filtering the spams. 

 

Index Terms - Email, Spam, Temporal email, Natural Language Processing, and social media platform  

 

I. INTRODUCTION 

 

Currently, spamming is rapidly proliferating across various digital communication channels, with email being 

the most common medium for spam distribution [1]. Spammers primarily send out spam emails for advertising 

purposes but can also engage in more harmful activities, such as economic disruption and defamation, 

affecting both personal and professional lives. 

 

The existing strategies used to identify spam emails often struggle to detect "zero-day" attacks [2], leading to 

a higher false positive rate (FPR) and decreased accuracy in detection. Additionally, spam recognition using 

artificial neural networks (ANN) can be error-prone because these systems include all spam features during 

the training phase. 

 

In the case of DNS-based techniques for identifying spamming botnets, there is a lack of effective utilization 

of DNS features in detecting spam-sending bots. To address this issue, several frameworks, including spam 

filtering mechanisms and DNS-based techniques, have been introduced for spam detection. However, these 

methods remain less effective due to longer identification times for spam emails, higher memory consumption, 

and increased chances of detection errors. This introduction sets the stage for exploring the role of the shared 

secret value in JWT-based authentication, its benefits, challenges, and best practices for implementation in 
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modern web applications. By understanding and addressing these aspects, developers can harness the power 

of JWTs to build robust and secure authentication systems. [3]. 

 

Two key technologies for detecting and filtering spam emails are machine learning [4] and knowledge 

engineering. With knowledge engineering, a set of rules is created to distinguish between spam and legitimate 

(“ham”) emails. These rules can be generated by users or through spam filtering tools that entice users with 

appealing appearances, texts, images, etc. They may also employ strategies like offering free rewards or 

running contests to capture the attention of online users. 

 

II. LITERATURE REVIEW 

 

Tarek Gaber and Sunil Vadera [5] had proposed the use of batch, online, and representation methods. Other 

research studies have also proposed phishing URL detection methods and their problems. Mohammad et al. 

proposed a multi-aspect classification framework for phishing attacks, which classified them into five 

categories: machine learning, text mining, human users, profile matching, and others. The fifth category was 

further divided into search engines, ontological methods, client-server authentication, and honeypot 

countermeasures. 

Akash,Siddhant Adhikari Jainam [6] had proposed maintaining this in mind, it is of utmost significance to 

develop an end-to-end system for Spam Classification based on semantics-based text classification with the 

help of NLP and URL based filtering. Several Machine Learning algorithms have been explored and the aim 

is to design a high performance and efficient model.ML models like Naive Bayes, Support Vector Machines 

(SVM), and deep learning algorithms are trained on tagged data sets having both spam and genuine emails. 

NLP methods like tokenization, stemming, and removing stop words assist in processing email text by 

extracting useful features. 

Rasha M. Abd El-Aziz, Ahmed [7] had proposed protection scheme follows content-based data filtering 

method, in which the received e-mail content will be extracted and filtered with the available block listed 

content, and if the content matches the block listed content, that mail will immediately be marked as spam or 

junk. Natural Language Processing (NLP) techniques, such as tokenization, stop-word removal, and feature 

extraction (e.g., TF-IDF or word embeddings), are employed to process and analyze the textual content of 

emails. 

Andronicus A. Akinyelu [8] had proposed that phishing attacks, which cause billions of dollars in loss each 

year, are a huge threat to the internet economy, with the majority employing email as their primary execution 

vehicle. Even though numerous review studies on the detection of phishing email have been conducted, there 

are no reviews on the use of Natural Language Processing (NLP) techniques. This research fills this gap by 

conducting a systematic review of 100 research articles published from 2006 to 2022, studying the key 

elements such as feature extraction, machine learning algorithms, text features, datasets, and evaluation 

metrics used in the detection of phishing email. 

Andronicus A. Akinyeluraun [9] had proposed Advances in spam detection for email spam, web spam, social 

network spam, and review spam ML-based and nature-inspired-based techniques. The future studies can 

consider exploring big data solutions, big datasets, and deep learning algorithms for building efficient spam 

detection techniques. A web spam, techniques like link-based analysis, content-based filtering, and user 

behaviour modelling help in detecting spammy content and sites. In social networks, spam detection focuses 

on identifying fake accounts, fraudulent activity, and malicious content, with NLP and graph-based algorithms 

often deployed to analyze interactions and posts. For review spam, sentiment analysis, feature extraction, and 

trust models are used to detect fake reviews, ensuring that users receive authentic feedback. 

 

 

III. PROPOSED METHODOLOGY 

 

This study The proposed method of spam detection using Natural Language Processing (NLP) [10] in social 

media and email is composed of a number of crucial steps to enable effective and accurate detection of spam 

content. The process begins with data gathering, where huge volumes of social media posts, comments, and 

email messages are gathered. The datasets included spam and genuine material and serve as the foundation 

for training machine learning. The data is pre-processed, where unnecessary parameters like special 
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characters, stop words, and duplicate information are removed. This aids in ensuring that the focus is laid on 

the important words and phrases of the text. 

 

Fetch social media website and email client datasets containing tagged examples of spam and non-spam 

emails. Extract extraneous elements, URLs, and punctuation characters from text and change case to lower. 

Segment text into single lexical items for analytical convenience. Perform stemming or lemmatization to 

change words into root forms and maintain homogeneity. 

 

Apply Bag of Words (BoW) model on word frequencies. Apply TF-IDF to provide word weights based on 

their importance to a document in relation to the entire data set. Apply word embeddings such as Word2Vec, 

GloVe, or FastText to address semantic relationships. Extract N-grams (bigrams and trigrams) to preserve 

contextual importance [11]. 

 

Research Design 

 

Fig 3.1 Mail Data Optimization using NLP architecture 

Measure model performance based on accuracy, precision, recall, F1-score, and AUC-ROC. Implement k-

fold cross-validation for enhanced generalization. Analyze false positives and false negatives using a 

confusion matrix to fine-tune the model 
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Fig 3.2 Spam Detection Using Nlp N-Gram Model Architecture 

 

IV. FINDINGS 

An NLP-driven spam detection is highly effective, with deep learning models like LSTM and BERT achieving 

over 90% accuracy by capturing contextual and semantic signals. Techniques like TF-IDF and word 

embeddings were crucial in spam pattern detection [12], and multilingual models successfully identified spam 

in languages. Challenges are spam strategies adaptation and precision/recall trade-offs, but continuous 

learning and user feedback integration improved performance. Overall, NLP enables scalable, real-time spam 

detection, enhancing security and user experience on social media and email platforms [13]. 

A spam categorization with NLP on email and social media platforms prove that machine learning and deep 

learning algorithms correctly categorize spam and non-spam posts and emails. Feature extraction techniques 

like BoW, TF-IDF, word embeddings, and n-grams enhance detection. Deep learning models (LSTM, BERT) 

outperform traditional ML models in handling complex text patterns and context-sensitive spam [14]. 

Evaluation metrics indicate precision and recall trade-offs must be adjusted to minimize false positives and 

negatives. Furthermore, multilingual and adaptive spam approaches are still significant challenges, 

highlighting continued model updates and user feedback integration for improved performance. 

GRU-YOUTUBE 

Description: 

 Uses a Gated Recurrent Unit (GRU) neural network. 

 Likely designed for YouTube-related sequence data, such as comments, user behavior, or content features. 

 GRUs are efficient at handling sequence data with long-term dependencies while being faster than LSTMs. 

Accuracy Overview: 

 Highest Accuracy Achieved: 100% 

 Lowest Recorded Accuracy: ~94.9% 

 Final Reported Accuracy (most reliable): 94.39% 

 

 

 

SIMPLERNN-EMAIL 

Description: 

 Employs a Simple RNN (Recurrent Neural Network) model. 

 Likely used for email data, possibly for spam detection, classification, or sequence analysis. 

 Simpler in structure and computation than GRU or LSTM but may struggle with long-term dependencies. 
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Accuracy Overview: 

 Highest Accuracy Achieved: 100% 

 Lowest Recorded Accuracy: ~89.1% 

 Final Reported Accuracy (most reliable): 98.57% 
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VI. CONCLUSIONS 

NLP-based spam detection systems have proven highly effective in identifying and filtering spam across 

social media platforms and email systems. While challenges like evolving spam tactics and multilingual 

detection persist, advancements in machine learning and deep learning, coupled with robust preprocessing 

and feature extraction techniques, offer promising solutions. By continuously refining these systems and 

integrating user feedback, organizations can ensure a safer and more efficient communication environment. 

In the evolving digital age, spam detection has become a critical aspect of ensuring safe and efficient 

communication on platforms such as social media and email. By employing Natural Language Processing 

(NLP) [15] techniques, organizations can develop advanced algorithms that detect and filter out unwanted or 

malicious content, enhancing user experience and system performance. Through methods like machine 

learning, text classification, and sentiment analysis, these tools are able to identify patterns and distinguish 

between legitimate communication and spam messages. 

The combination of NLP with social media and email systems not only increases the accuracy of spam 

detection but also reduces the risk of security breaches, phishing attacks, and data theft. Moreover, the 

continuous improvement in NLP algorithms [16] allows for the dynamic adaptation to new and evolving types 

of spam, making these systems more effective over time. In conclusion, the integration of NLP in spam 

detection systems plays a pivotal role in safeguarding digital platforms, maintaining communication integrity, 

and ensuring that users have a more secure and enjoyable experience [17]. 
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