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1. INTRODUCTION  
Twitter is a gregarious networking application which 

sanctions people to micro-blog about a broad range of 

topics. It avails users to connect with their adherents. The 

tweets from users are referred to as microblogs because 

there is a 140 character limit imposed by Twitter for every 

tweet. This lets the users present any information with 

only a few words, optionally followed with a link to a more 

detailed source of information. However on NOVEMBER 

2017, the size limit of tweet is doubled to 280 characters. 

The goal of this work is to automatically relegate incoming 

tweets into different categories so that users are not 

inundated by the raw data. This is categorically subsidiary 

when Twitter is accessed via hand held contrivances like 

astute phones. 

 

Existing works on classification of short text messages 

integrate messages with meta-information from other 

information sources such as Wikipedia and WordNet. 

Sankaranarayanan et al [8] introduce TweetStand to 

classify tweets as news and non-news. Automatic text 

classification and hidden topic extraction  approaches 

perform well when there is meta-information or the 

context of the short text is extended with knowledge 

extracted using large collections. 

 

This implementation draws its main inspiration from the 

work of A. Zubiaga, D. Spina, V. Fresno, and R. Martinez [1] 

where they also classify the twitter trends in real time. 

However, this approach is intuitive and differs in many 

different ways:  

i. This work incorporate rigorous data 

preprocessing and clean up.  

ii. This implementation uses feature 

selection facilitated by two feature 

weighting techniques, TF-IDF and bag-of-

words.  

iii. A simple Naïve Bayes Classifier is used as 

oppose to Support Vector Machines. 

 

The results of the algorithms i.e. the labels of tweets 

belonging to one category will be represented in graphical 

manner (bar charts). The proposed implementation is 

more effective than the existing one. This is because one 

would be able to know how the statistics determined from 

the representation of the result can have an impact in a 

particular field. 

 

 

3. METHODOLOGY 

 
Figure 3.1 is the architecture of the classification system 

where a dataset consisting of tweets related to five 

categories such as Sports, Politics, Entertainment, 

Education and Technology  with their labels (categories). 

The dataset collected from twitter contains noise which 

will degrade the accuracy of classification algorithm. So 

rigorous pre-processing steps were performed where the 

punctuations, hyperlinks, emoticons and stop words are 

removed from the tweets.  
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Output of these pre-processing steps is then sent to the 

feature ranking stage where they are ranked with two 

different feature ranking techniques, bag-of-words and 

TF-IDF. After ranking features, top k features are selected 

and the dataset is prepared in appropriate format to train 

and test the classifier.  

Once the classifier is trained, test data is passed 

through it and a predicted label for a trend is 

generated. 

 

 
Figure 1: An overview of the end-to-end 

classification system 

 

 
3.1. Tools  

• This work has been done in Python 

programming language with the help of 

Python IDLE  tool. 

 

 

3.2. Data Set 

Description of the Data: The Data that are used 

were collected manually from six different fields 

which are Sports, Entertainment, Politics and 
Education and Technology. Table 1 shows the 

distribution of messages. 

 
Topic (Class) Number of Tweets 

Sports 3425 

Entertainment 3215 

Politics 3217 

Education 1868 

Technology 3210 

 
Table 1: Diversity of tweet data set 

 

 
3.3. Pre-processing of Data  

The following pre-processing steps were done  

• Removal of Punctuation and Stop words  

• Remove the Word containing ‘#’, ‘@’ and 

‘http’ or ‘https’ which means the trending 

topics, user name and URL are removed 

from tweets  

• Numerical character and special 

character are removed from the tweets  

• Each word of the tweets are lemmatized  

 

 

3.4. Feature Ranking 

Two feature ranking techniques has been used. 

 

3.4.1. Bag of Word: This is one of the very 

popular, mundane and simple, yet a 

prodigiously efficacious way of weighing 

features. The conception is to simply 

count the number of times each word has 

appeared in the tweets of a particular 

trend and then sort them in descending 

order. This method is concretely 

efficacious in a less strepitous dataset. 

This is another reason why we have made 

a conscious effort to perform a rigorous 

data cleanup. 

 

3.4.2. TF-IDF:Term Frequency – Inverse 

Document Frequency (TF-IDF) is a 

profoundly potent measure to rank 

features. A TF-IDF score finds outliers 

amongst an immensely colossal feature 

space. The conception behind TF-IDF 

score is that term frequency or frequency 

count by itself isn’t a good measure to 

weight a particular feature; It is 

equipollently consequential to ken how 

many times the same feature appears in 

other classes. This supplemental 

information will avail in identifying the 

features that exclusively identify a class. 

Because of this promising motivation, TF-

IDF ranking technique is one of most 

widely used ranking techniques in text 

mining and information retrieval. 

 

3.5. Classification 

3.5.1. Naïve Bayes Classifier 
The Naïve Bayes classifier is a Bayesian classifier 

that has its roots in Bayes theorem (see the equation 

below) 

  �(� | �) =
	(
|�)	(�)

	(
)
  (1)

 Where,  

P (c | t) = Probability of trend t belonging to class c 

(Posterior) . 

P (t | c) = Likelihood of generating trend t given class 

c . 

P (c) = Probability of occurrence of class c . 

In our case since we have word vectors as our 

features, the above equation changes as follows: 

 

�(�|�) = 
	(����|�)∗	(����|�)∗���∗	(����|�)	(�)

	(
)
 (5) 
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Using the above information, the naïve bayes 

classifier reaches a decision in the following way:

CMAP=argmaxc ∈ cP(t|c)P(c)  

=argmaxc ∈ cP (word1,word2,...,wordN|c)P(c) 

     

 

Where,  

MAP = maximum a posteriori, i.e the most likely 

class. 

 

 

4. Result Analysis 

 

The system retrieve tweets based on user location 

and perform the classification. Below given figure 

shows the output of the system. 

 

Figure 2: Tweets from user location
 

Figure 3: Frequency of Each tweet in each category

 

Figure 4: Topography of Tweets showing different classes
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Using the above information, the naïve bayes 

classifier reaches a decision in the following way: 

(6) 

(word1,word2,...,wordN|c)P(c) 

 

MAP = maximum a posteriori, i.e the most likely 

The system retrieve tweets based on user location 

and perform the classification. Below given figure 

 
Figure 2: Tweets from user location 

 
Figure 3: Frequency of Each tweet in each category 

 
Figure 4: Topography of Tweets showing different classes 

 

 

5. FUTURE SCOPE 
Each platform has a vocabulary that is quite different than 

others, for example twitter’s vocabulary of retweets (RT), 

user mentions (@username), and favorites, etc does not 

exists in other social networks like Facebook. If we move 

away from social networks and pick a news organization 

then the vocabulary completely changes. Given these 

challenges, it would be really interesting to know if there 

is an optimal number of features that a text based system 

can use that probabilistically guarantees a higher 

classification accuracy. 

 

6. CONCLUSIONS 
 

In this work, we have touched variety of topics like 

Language Processing, Text Classification, Feature selection, 

Feature ranking, etc.. 

The results of the previous experiments, led us to the 

conclusion that feature selection is an absolutely necessity in a 

text classification system. 

We hope that our work can provide a good foundation to the 

future of text classification in social media and to the 

opportunities that comes with it. 
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