
Abstract— Due to increasing information on the internet, people 
communicate with each other via e-mail addresses more than before. 
But sometimes, some people abuse this and send emails with 
unhelpful content for user that makes the user’s time and money 
wasted. According to this fact that the content of emails mostly are in 
text, so text classification algorithms have been used for this purpose. 
In this article, Persian emails are classified into three classes using 
Naïve Bayesian algorithm and results are evaluated by precision, 
recall and F-measure. The obtained results show that classifying 
Persian emails into three classes using Naïve Bayesian algorithm 
based on precision, recall and F-measure respectively obtains 
86.725%, 85.15% and 85.775%. 
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I. INTRODUCTION 
N past decade, by rapid development of the internet, e-mails 
have been became one of the fastest, cost-effective and 

easiest ways of communication. Nowadays, emails are 
increasing on internet exponentially, but unfortunately the 
efficiency and economical nature of emails have been abused. 
In real world, emails are divided into ham emails and spam 
emails. Ham emails in most cases have useful and applicative 
content and are helpful for user, but spam emails in most cases 
have unhelpful and redundant content[1]. 

II.  NAÏVE BAYESIAN ALGORITHM 
The Bayesian theory has been proposed by Tomas Bayes in 

(1702-1761). The Bayesian theorem is a probabilistic 
calculation method and an event which would be happened is 
dependent on an event which was happened before. This 
theory has self-learning ability in intelligent system which is 
widely used [2]. Bayesian theory can be used to predict future 
events according to present events based on statistic and 
probability theory. Suppose that A is an event in an instance 
space S, B1,B2, …,  Bn are mutually incompatible and form a 
single event and P(A) >0 , P(Bi) > 0 and (i=1,2,3,…,n) and  
the Bayesian equation is calculated as in (1) [2]: 
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Based on (1), Bayesian classification computation is applied 
in anti-spam field. Email filter is used to classify text with the 
probability of whether text belongs to ham or spam letters. By 
Bayesian method we can decide which class the received mail 
belongs to. Suppose that there are m instance spaces 

},...,{ 21 nccc  email e, has n features },...,{ 21 nttt and is given 
to  ( )mkck ,...,2,1= , the probability that e belongs to kc  
would equal to  ( )ecP k | . Based on Bayesian equation, the 
probability of ( )ecP k |  is as in (2) [2]: 
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Where ( )kCP  is called the prior probability and ( )eCP k |

is called the next probability, so (4) has been converted into 
(5) as follows:  
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Where ( )ki CtP |  could be taken from training set, although 
Naïve Bayesian method is not really accurate, but good results 
can be achieved [3]. 

III. CLASSIFYING EMAILS INTO THREE CLASSES 
Email classification process was always that each email that 

comes from any user can belong to two classes; spam and ham 
email. But the performed work is that we consider the third 
class called User email in addition to both ham and spam 
email classes and we want to study the precision of 
classification by classifying emails into three classes. Now, we 
define each class.  
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A. Spam email class definition  
Emails which have unhelpful and mostly redundant content 

are called spam emails.  

B. Ham email class definition 
Emails which have useful and important information are 

called ham emails.  

C. User email class definition 
This class includes those emails that are considered as ham 

emails from some people's viewpoints and as spam emails 
from others' viewpoints. For example, some product 
advertisement emails that initially considered as spam emails 
by user, but when he/she gets into body and text email and 
reads it; sees a product in it and wants to buy that product, 
while at first thought it was a spam email. That's why; we 
consider the third class as User three classes. So the user sends 
the emails that come in to his/her inbox to one of these three 
classes. In summary it can be said that we could not transfer 
User emails to their related class at first glance and this type of 
emails require more study and the user transfers the received 
email to the given class based on his/her own opinion. 

IV. PROVIDING A DATASET 
According to the performed studies, since there is not any 

Persian email in three classes’dataset, at first we must collect a 
Persian email three classes dataset. To collect this data set we 
have used emails of 4 users and at last 1600 emails have been 
collected. Users have sent their received emails based on their 
own opinion into one of three classes of Spam emails, Ham 
emails and User emails.  

Emails consist of different parts such as title, body, and sent 
date, sent time, sender's and receiver's email addresses and to 
separate email's different parts we have used labels or HTML 
tags. We will study only email's body and title parts for three 
class type of classification.  

There are different types of methods for selecting features 
such as information gain, document frequency, document 
reverse frequency, Term frequency, correlation coefficient, 
mutual information, CHI and etc. where in this article the 
information gain method has been used to select features to 
detect three classes which would be defined later. 

V.  INFORMATION GAIN METHOD 
Information gain is usually used as a good criterion in 

machine learning. This method evaluates the presence or non-
presence of that word in a document according to the number 
of information observed for each class [4]. This method uses 
two positive and negative correlation of ),( ctP  and ),( ctP . If 
c and t represent class and the given feature, respectively, the 
formulation of this method would be as (6):  
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Where, ( )ctP ,  is the value of probability where in a 

document x of training set, the feature t has appeared in class c 
and ),( ctP  is value of probability where in a document x of 
training set, feature t has not been appeared in class c and

)(CP , ( )tP  and )tP(  represent class c's occurrence 
probability, feature occurrence probability and not occurrence 
probability of feature t, respectively.  

For each word at each class c, this value is calculated and 
finally the maximum or mean of those values are considered 
as that word's information gain and their highest ones are 
selected [5] , [7]. After selecting the best features, Naïve 
Bayesian method has been used for classification [6]. 

VI. EVALUATION CRITERIA 
In text classification problems, usually precision, recall and 

F-measure are used whose equations are as in (7), (8) and (9) 
[7]. 

 

(7) 
 iveFalsePositveTruePositi

veTruePositiecision
+

=Pr

 

(8) 
 iveFalseNegatveTruePositi

veTruePositicall
+

=Re
 

 

(9) 
 

( )
recallprecision

callprecisionF
+

=
Re**2

1
 

VII. TESTS AND RESULTS 
According to this fact that in emails classification, the 

number of emails and features are important to diagnosis 
classes and if the number of features is so high or so low, then 
the system would not be able to detect the email of each class, 
so we have performed some tests to determine these two 
values with evaluation criteria in order to study the results in 
average for a given number of features and emails for three 
class case. Based on tables 1, 2 and 3, we study a different 
number of emails such as 60, 65, 70 ad 75 emails with 80, 90, 
100 and 150 number of features with all three criteria. 

TABLE   I  
STUDYING THE CASE OF CLASSIFYING INTO THREE CLASSES OF MEAN 

EMAILS OF 4 USERS BASED ON PRECISION CRITERION AND NAÏVE BAYESIAN 
METHOD 

feature 
           

  Email  
80 90 100 150 

60 83.225
% 86.55% 86.3% 85.25

% 

65 85.575
% 

86.725
% 

81.55
% 

81.75
% 

70 80.875
% 

80.625
% 

73.85
% 

76.9
% 

75 73.25
% 74.2% 74.075

% 
75.6

% 
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TABLE II 
STUDYING THE CASE OF CLASSIFYING INTO THREE CLASSES OF MEAN 

EMAILS OF 4 USERS BASED ON RECALL CRITERION AND NAÏVE BAYESIAN 
METHOD 

features 
         
 
Email 

80 90 100 150 

60 81.12
5% 84.1% 84.075

% 
80.525

% 

65 83.77
5% 

85.15
% 

81.15
% 81.1% 

70 78.42
5% 78.4% 73.475

% 
76.525

% 

75 71.17
5% 

72.35
% 

71.175
% 

74.65
% 

 
TABLE III 

STUDYING THE CASE OF CLASSIFYING INTO THREE CLASSES OF MEAN 
EMAILS OF 4 USERS BASED ON F-MEASURE  AND NAÏVE BAYESIAN METHOD 

features 
         
                      

Email 
80 90 100 150 

60 80.6% 83.52
5% 

83.675
% 

79.375
% 

65 83.5% 85.77
5% 

80.825
% 

80.65
% 

70 78.1% 78.07
5% 

72.975
% 

76.275
% 

75 70.77
% 

71.87
5% 71% 74.45

% 

 
Based on tables 1, 2 and 3, we study a different number of 

emails such as 60, 65, 70 ad 75 emails with 80, 90, 100 and 
150 number of features with all three criteria.  

 

 
Fig. 1 Represents the diagram of Precision, Recall and F-measure 

for three class case 
As Fig. 1 shows, for three class case emails by using Naïve 

Bayesian method the values of 86.725%, 85.15%,and 

85.775% have been obtained for precision, recall and F 
criteria, respectively.  

VIII.   CONCLUSION 
Emails are growing in internet exponentially and the usual 

process of classifying emails is in this way that emails are 
classified into two classes of spam and ham emails, while in 
this article we have classified emails into three classes of 
spam, User and ham. We have studied the three class 
classification of emails by Naïve Bayesian algorithm and with 
three precision, recall and F measure and the obtained results 
of tests are 86.725%, 85.15%, and 85.775% based on 
precision, recall and finally F measure, respectively. 
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