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1. Introduction 

owadays, Mobile SMS is one of the cheapest means 
of communication. We receive lots of SMSs every 

day. Many of which are not of our interest [1]. And because 
of those undesired SMSs, our inbox become massive and if 
a person is not use to of mobile phone and he/she wants to 
read only urgent messages or the SMSs of their interest, 
then  Text Classification is best suitable to overcome this 
problem[2].Text classification is the process of 
categorizing or classifying a text into predefined classes on 
the basis of its contents. It needs a classifier to classify a 
document. There are many classification techniques used 
for classification such as Naive Bayes, K-NN, Neural 
Network, Decision Tree, SVM, and many more [3]. Text 
classification is used in many applications such as 
document indexing, spam filtering, web page prediction 
etc. [4]. Linear classifiers works best for text classification 
as they are effective in computing in both training and 
testing and at classification phase [5]. 

2. Related Work 

Many of the techniques were introduced like Naive Bayes 
classifier which is a simple probabilistic classifier. Decision 
tree is another tool for classifying text in spam/ ham or any 
other category. It has a tree like structure in which leaves  

are the class labels or categories.  Support Vector Machine 
(SVM) is a binary classifier that uses margin to find the 
categories. Likewise, there are so many other tools 
introduced to classify the email, document or SMS into 
predefined categories. The author in [7] uses methodology 
to compare the accuracy of naïve Bayes classifier and SVM 
classifier to classify Nepali SMS. They proposed a hybrid 
model for classification. Both Naïve Bayes and SVM 
classification techniques are used to assess the accuracy of 
classification methods.  

The classification accuracy of 92.74% was obtained for the 
Naïve Bayes classifier and 87.15% for SVM. The 
restriction of this research was that, it was only limited to 
categorize the Nepali SMS into spam and ham messages. In 
[8] the researchers uses SVM classifier for classification of 
SMS using Document Frequency Threshold. The major 
purpose of the research was to select many number of 
features in order to classify the document accurately. The 
limitation of this research was that, it was selecting more 
features when the terms were low and when the number of 
terms in a document were increasing, the system was 
abstracting less features. In order to get good accuracy, the 
number of terms must be increased, in the result the size of 
the document was also increasing. 
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In the reference [9], the researchers tried to improve the 
accuracy of TF-IDF weighting scheme on the basis of 
importance of words to reduce the classification problems. 
To improve the accuracy the abbreviations were replaced 
by its full forms. Stop words were removed, parts of speech 
tagging (POS) and stemming technique was applied and 
vector space  model was created using TF-IDF technique 
which was used to find the importance of a word in SMS 
and finally the result was given to the classifier for 
assigning related classes. The model attends the accuracy 
of 91.94%.This paper was restricted to only 4 categories or 
class labels i.e. occasion, sales, greetings, friendship. This 
can be further extended to many categories and its accuracy 
can be further improved. In the study [10], the researchers 
proposes a model for SMS text classification and discussed 
the applications of SMS classification in different areas. It 
uses entropy term weighting system and Principal 
Component analysis (PCA) with neural network to classify 
the Mobile SMS to different categories like poetry, jokes, 
festival etc. The model was not implemented yet, the 
results were only bases on analysis. 

3. Methodology 
We have used UCI Machine Repository to generate 
Training and Test dataset. Our model comprises of 12 steps 
i.e. Data collection, shorthand completion, Tokenization, 
Removing stop words, Stemming, Generating N-Grams, 
Calculating TF-IDF, Applying Naïve Bayesian Model, 
Vectorization, Training Classifier, Testing Classifier and at 
last SMS Classification using Multinomial Naïve Bayes 
algorithm. Figure: 1 shows the methodology used in this 
research. 

 
 
 

 

 

 

 

 

 

 

 

 

 

Figure.1. SMS Text Classification Model 

 

3.1. Shorthand completion 

Most of the SMS text contains shorthand language words 
[11]. These words are replaced by corresponding full word 
from dictionary. We have used dictionary of 1463 
shorthand word. 

 

Figure.2. SMS with Shorthand words 

3.2. Tokenization 

Tokenization is the process of breaking down the text 
corpus in to individual elements [12]. 

 

Figure.3. SMS after Tokenization 

3.3. Removing Stop Words 

Stop words are unnecessary word that commonly appear in 
the text [13]. Example, words such as so, and, or, the etc. 
All stop words are removed first. In the figure below the 
stop words are: you, are, that and the. Which are removed 
by using this technique. 

Figure.4. SMS after removing Stop Words 

3.4. Stemming 

In English language, there are different forms of 
verbs/words being used. Stemming is the process of 
converting the word in to its root form [14]. SMS shown in 
Figure 4 contains two words “raining” and “coming”, 
whose root word can be found. After applying Stemming 
technique, “raining” is converted into its root word “rain” 
and “coming” is converted into “come”, which is its root 
word. This technique reduces the number of characters in 
an SMS/Document, hence the number of words being 
processed is reduced which in turn increases the 
performance of the proposed model. 

 

Figure.5. SMS after Stemming 

 

I am waiting for you at bus stop 

hello dear i am on leave today 

lucky won cash prize 

It is rain so I am not come today 

You are lucky, that you have won the cash prize 
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3.5. N-Grams 

In the n-gram model, a token can be defined as a sequence 
of n items. Unigram (1-gram) where each word consists of 
exactly one word, letter, or symbol. Unigram is most 
commonly used N-Gram [15]. N-grams of size 3 and 4 
yield good performances [16]. It is used for supervised 
learning. Can be used in text categorization, spelling 
correction and breaking the words to find the relationship 
between words. We usually move in forward direction to 
create next N-Gram [17]. In the given SMS “I am not 
coming today”, bi-Gram can be produced by moving 2 
terms forward i.e. “Iam”, “amnot”, “not coming” and 
“coming today”. In the same way, we can create N-Gram of 
any size. 

Unigram 
(1-gram) I am not coming today 

 

Figure.6. SMS after removing Stop Words 

3.6. 6. Multinomial naive Bayesian 

Multinomial Naïve Bayes is the modified form of 
traditional Naïve Bayes classifier. It operates on binary 
values(i.e. 0 and 1). Either the term is present in the SMS 
or does not occur in it. Here we use Term Frequency - 
Inverse Document Frequency (TF-IDT) approach to 
characterize text documents instead of having binary values 
in Naïve Bayesian Classifier. It is a probabilistic classifier 
which computes the probabilities of every class by applying 
Naïve Bayes theorem. Then it will calculate the conditional 
probability of each SMS in the particular category. 

퐓퐅 − 퐈퐃퐅 =  풕풇풏(풕,풅) .  풊풅풇(풕)  

 풕풇풏(풕,풅)is normalized term-frequency 

풊풅풇(풕) =  퐥퐨퐠
풏풅
풏풅(풕)  

Where, 

 푡푓 (푡, 푑) : term frequency of term t in document d 

 Idf : Inverse document frequency 

 푛  :  Total no. of documents 

 푛 (푡) : Total no. of documents in which t appears 

The term frequencies can then be used to compute the 
maximum-likelihood estimate based on the training data to 
estimate the class-conditional probabilities in the 
multinomial model: 

푃 푥   푤 =  
∑ 푡푓 푥  ,   푑 ∈  푤 . 푖푑푓(푥 ) +  ∝

∑푁 ∈  +  ∝  .  푉  

Where, 

 푥  : A word from the feature vector x of a 
particular sample. 

 ∑푡푓 푥 ,   푑 ∈  푤 . 푖푑푓(푥 )  : The sum of TF-IDF 
of word 푥   from all documents in the training 
sample that belong to class푤 . 

 ∑푁 ∈  : The sum of all term frequencies in the 
training dataset for class푤 . 

 ∝  : An additive smoothing parameter (∝  = 1 for 
Laplace smoothing). 

 푉 : The size of the vocabulary (number of different 
words in the training set). 

4. Results and Discussion 

The classifier was trained with the training dataset of 5574 
SMSs. It was then tested with a test dataset of 852 different 
SMSs. The with True Positive rate of 93.77%. The overall 
accuracy obtained for the system was 93.74% with the 
precision of 94.03%. 

Table 1 presents the class variables, class labels and 
number of records for each class. Table 2 presents 
confusion metrics parameters. 

There are 7 class labels along with their class variables (w1 
to w7) and the number of records associated with every 
class.  

Confusion matrix shown in Table 2 represents the actual 
class and the classes predicted by classifier. Class variable 
w1 has a total of 105 SMSs, among which 98 were 
correctly identified under class w1, none was predicted as 
class w2, w4 and w7, two SMSs were predicted wrongly 
under class w3, three SMSs as Class w5 and two as class 
w6. Likewise, classifier predicted the categories for 
remaining SMSs as shown in Table 2. 
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Table.1. Class Labels 

 

Table.2. Confusion metrics parameters 

Table.3. True Positives (TP), False Positive (FP), True 
Negatives (TN) and False Negatives (FN) 

 

Table 3 shows 4 parameters. True positive, True negative, 
False positive and False negative parameters of all the 7 
classes were calculated using confusion matrix. 

Below figures shows the graphs of detection parameters 
(i.e. True positive, True negative, False positive and False 
negative) of all the 7 classes W1 through W7 individually.  

 

 

 

Figure.7. Detection Parameters for class W1 

Figure 7 shows the detection parameters for Greetings 
class. It shows the true positive value of 93.33%, False 
positive rate of 0.93%, True negative 99.06% and False 
negative rate 6.66%. The overall accuracy of class W1 
comes out to be 0.99%.  

 

Figure.8. Detection Parameters for class W2 

In the above figure 8, detection parameters for Urgent class 
are shown with True positive rate of 53.04%, False positive 
rate of 46.96%, True negative rate 95.45% and False 
negative rate of 4.55%. The accuracy calculated is 0.8755% 
which means almost all the urgent SMSs were correctly 
classified under urgent messages class. 

 

Figure.9. Detection Parameters for class W3 
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In Figure 9, detection parameters for Invitation class were 
calculated. The True positive rate comes out to be 98.16%, 
False positive rate of 0.53%, True negative rate 99.46% and 
False negative rate of 1.83%. The overall accuracy of the 
class W3 is 0.9941%. 

 

Figure.10. Detection Parameters for class W4 

Above figure 10 shows the detection parameters for 
Harassing class with True positive rate of 96.22 %, False 
positive rate of 0.13%, True negative rate 99.89% and False 
negative rate of 3.77%. The calculated accuracy is 
0.9835%. 

 

Figure.11. Detection Parameters for class W5 

Detection parameters for Request class are shown in Figure 
11. True positive rate is 92.39, False positive rate is 0.92%, 
True negative rate 99.07% and False negative rate is 
7.60%. The accuracy of class W5 is 0.9663%. 

 

 

 

Figure.12. Detection Parameters for class W6 

Figure 12 shows the detection parameters for 
Advertisement class. It shows the true positive value of 
90.24%, False positive rate of 1.36%, True negative 
98.63% and False negative rate 9.75%. The overall 
accuracy of class W6 comes out to be 0.9647%.  

Figure.13. Detection Parameters for class W7 

Detection parameters for Unknown class are shown in 
Figure 13. True positive rate is 93.75, False positive rate is 
2.89%, True negative rate 97.10% and False negative rate 
is 6.25%. The accuracy of class W7 is 0.9263%. 

Figure 14 shows the overall detection parameters using 
Multinomial Naïve Bayes classifier. The evaluation metrics 
shows that the model attended the accuracy of 93.74, which 
means that approximately 94 out of 100 SMSs were 
categorized under actual class. The 93 out of 100 is quite 
good accuracy with the precision of 94.03%. 

The false negative ratio is 6.2% which shows that 
approximately 7 out of 100 SMSs will be classified under 
wrong category. 

It is evidence from results that the proposed model works 
successfully to classify a mobile SMS under particular 
category. Also an Email spam classifier effectively 
classified a Mobile SMS 
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Figure.14. Detection Parameters 

5. Conclusion 

This research presents a new model to classify an SMS into 
different categories like Greetings, Harassing, Urgent, 
Invitation etc. A person who is not addicted of cellphone, 
can go to specific category and read the SMS without going 
through a complete bulky inbox.The proposed model uses 
TF-IDF technique with Multinomial Naïve Bayes classifier. 
It attended an overall accuracy of 93.74% that determines 
that approximately 94 out of 100 SMSs can be correctly 
classified to their correct classes. The 94 out of 100 is quite 
good accuracy. The false negative ratio is 6.2% which 
means that approximately 7 out of 100 SMSs will be 
classified under wrong category. The overall precision of 
model is 94.03%. And ensures that an email spam classifier 
could be used to classify a Mobile SMS into different 
categories. 
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