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  We would discover spammer Text Message Messages (SMS) messages by presenting a new Transformers model aimed for 

identifying SMS spam messages. On the Spam Filtering Collections v.1 dataset and UtkMl's Twitter Spam Detection 

Competition dataset, we apply many existing machine learning classifiers and cutting-edge SMS spam detection algorithms to 

assess our proposed spam Transformer. Our SMS spam review detection testing shows that the recommended modified spam 

Transformer produces better results compared to the other possibilities. Furthermore, the suggested model performs well on the 

UtkMl Twitter dataset, indicating that it has the potential to be applied to other comparable issues. 
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1.INTRODUCTION 

As the use of smart devices and mobile connections has 

grown throughout the years, SMS has become the most 

used communication tool. SMS users, on the other hand, 

are subjected to spam. Any unrelated messages broadcast 

over mobile networks are referred to as SMS spam, also 

known as drunk messages [1]. Spam messages are 

popular for a variety of reasons. To begin with, there are 

indeed a huge number of people who are using mobile 

phones throughout the world, increasing the number of 

potential spam message victims. Second, the cost of 

sending spam messages is inexpensive, which is 

potentially excellent news for spammers.Finally, most 

mobile phones' spam classifiers are limited in their 

capacity to reliably and effectively identify spam 

messages due to a lack of processing resources. Machine 

learning has been one of the more prominent disciplines 

in recent decades, and there are many machine 

learning-based categorization applications in a variety of 

disciplines. Specifically, spam detection is a relatively 

mature research topic with several established methods. 

However, most of the machine learning-based classifiers 

were the associate editor coordinating the review of this 

manuscript and approving it for publication was Wei 

Xiang, dependent on the handcrafted features extracted 

from the training data [2]. As a class of machine learning 

techniques, deep learning has been developing rapidly 

recently thanks to the surprising growth of 

computational resources in the last few decades. 

Nowadays, deep learning-based applications play a 

significant part in our society, making our lives much 

easier in many aspects. As one of the most effective and 

widely used deep learning architectures, Recurrent 

Neural Network (RNN), as well as its variants such as 

Long Short-Term Memory (LSTM), were applied to spam 

detection and proved to be extremely effective during the 

last few years. The Transformer [3] is an attention-based 

sequence-to-sequence model that was originally 

designated for translation tasks, and it achieved great 

success in English-German and English-French 
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translation. Moreover, there are multiple improved 

Transformer-based models such as GPT-3 [4] and BERT 

[5] proposed recently to address different Natural 

Language Process (NLP) problems. The 

accomplishments of the Transformer and its successors 

have proved how powerful and promising they are. In 

this paper, we aim to explore whether it is possible to 

adapt the Transformer model to the SMS spam detection 

problem. As an outcome, we develop a modified 

Transformer-based method for identifying SMS spam 

messages[22]. In addition, we examine and compare the 

performance of traditional machine learning classifiers, 

an LSTM deep learning solution, and our proposed spam 

Transformer model in terms of SMS spam identification. 

 

2. RELATED WORK 

In the last few decades, a variety of machine 

learning-based classification applications were proposed. 

Most of these approaches are based on traditional 

machine learning techniques like ‚Logistic Regression 

(LR), Random Forest (RF), Support Vector Machine 

(SVM), and Decision Trees in the field of SMS spam 

identification (DT)‛. With the rise in popularity of deep 

learning techniques, a growing variety of ways to combat 

SMS spam have been developed, including 

Convolutional Neural Networks (CNN). 

 

3. PROPOSED WORK 

The message must first be screened before it can be 

classified as spam or ham by a classifier. This entails 

tokenizing the message body's words, reducing them to 

their root forms, removing certain often used terms (stop 

words), and presenting the collection of words to the 

algorithm in a specified manner. A classifier is a function 

f that translates input feature vectors x X to output class 

labels y 1,..., C, with X denoting the feature space. We'll 

usually assume = RD or = 0, 1 D, which means the feature 

vector is a vector of D real numbers or D binary bits, 

however we can combine discrete and continuous 

features in general. The objective is to learn f from a 

supervised training set of N input-output pairings. The 

following is a simple illustration: X = SMS texts as input x 

spam, not spam is the output. 

As a result, the goal is to find a predict f that translates 

an input vector to an output y. The data does not have to 

be pre-processed in deep learning; the feature is learned 

straight from the data set. In comparison to machine 

learning, it can process a larger quantity of data, resulting 

in superior performance. A machine learning dataset and 

a deep learning dataset were applied in this study.Naïve 

Bayes Classifier This is a method of classification based 

on the Bayes theorem.[20] The conditional probability of 

an event is a probability obtained with the additional 

information that some other event has already occurred. 

P(B|A) is used to denote the conditional probability of 

event B occurring, given that event A has already 

occurred. The following formula was provided to obtain 

P(B|A): 

Consider X to denote Evidence and Y to denote 

Outcome. 

P(Evidence|Outcome) is thus P(X|Y), and is 

represented as follows: 

P(X|Y) = (P(Y|X) * P(X)) / P(Y) (To be estimated from the 

training data.) 

P(Outcome|Evidence) is P(Y|X), and is represented as 

follows: 

P(Y|X) = (P(X|Y) * P(Y)) / P(X) (To be predicted from 

the test data.) 

 

4. RESULTS 

 
Figure 1 Launching app.py program to get a link to launch a 

web page 

 
Figure 2 Web page for checking message 

 



  

 

 
68 International Journal for Modern Trends in Science and Technology 

 

 

 
Figure 3 Entering a message to check whether it is spam and 

ham 

 

 
Figure 4 Getting output as spam by classifying the data 

 

 
Figure 5 Entering message to check whether it  is spam or ham 

 

 
Figure 6 Getting output as Ham because it was a normal 

message 

 

5. CONCLUSION 

In this paper, we propose an improved Transformer 

model for detecting SMS spam. We evaluated our spam 

Transformer model against several SMS spam detection 

techniques using the Spam Detection Collection v.1 

dataset and UtkMl's Twitter dataset. The results show 

that our proposed spam Transformer model outperforms 

Logistic Regression, Nave Bayes, Random Forests, 

Support Vector Machine, Long Short-Term Memory, and 

CNN-LSTM on both datasets [22]. On the SMS Spam 

Collection v.1 dataset, our spam Transformer beats 

previous classifiers in terms of accuracy, 

recall.Additionally, findings from our updated spam 

Transformer model using UtkMl's Twitter dataset show 

that it outperforms other alternative techniques in all 

four characteristics when compared to other approaches 

discussed in this study.  

Firstly, since our current two datasets contain only 

thousands of messages, in the future, we plan to extend 

our spam Transformer model to a larger dataset with 

more messages or even other types of content, for the 

purpose of better performance. Besides, in our proposed 

model, we flattened the outputs from decoders and 

applied linear fully-connected layers before applying the 

final activation function and getting the prediction. We 

believe that some dedicated designs or implementations 

instead of simple flattening and linear layers could 

absolutely boost the performance, which would be one 

of the most important future works. 
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