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INTRODUCTION
 
 Twitter is one of the most popular 
blogging services that let users post short text called 
Tweet. According to the reports, Twitter is the fastest 
growing social networking service. Users can easily 
post tweets using mobile phones or the Web. Tweet 
has a length limitation up to 140 ch
distinguished from conventional text data like news 
articles and web documents in that it is typically 
composed of very short and informal messages. Our 
dataset contains collections of tweets where each 
collection consists of tweets in o
friends feed. 
 According to our preliminary analysis on the 
data, even in one collection of tweets, there are also 
many specific tweets and meaningful topics about 
actors name, the title of an episode, related programs, 
and so on. Therefore, extracting topics from them 
and grouping tweets according to their topics are 
necessary for users to easily catch meaningful topics 
over a number of tweets. 
 With this massive amount of information over 
the web from different social networks like Twitter
Facebook, Blogs, etc., there has to be an automatic 
tool that can determine what people are talking about 
in certain locations and over certain period of time. 
Several researches have been done with different 
approaches. A lot of them achieved good 
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A B S T R A C T  
Social networks have become the most important source of news and people feedback 
and opinion about almost every daily topic. With this massive amount of information 
over the web from different social networks like Twitter, Facebook, Blogs, etc, we 
intend to develop a simple and novel method that can determine the topics that people 
are talking about using Major Clustering algorithm combining unigrams and bigrams. 
This method has less time complexity and hence the efficiency is improved. The rate 
with which Twitter generates text is increasing exponentially and tremendously. Hence 
determining latent sub-topics from such tweet data at any given point of time for 
providing better topic-wise search results relevant to users informational needs is the 
most crucial task of all. The two main challenges in mining subtopics from tweets in 
real-time are (i) understanding the semantic and the conceptual representation of the 
tweets, and (ii) the ability to determine when a new sub-topic (or cluster) appears in the 
tweet stream. 
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INTRODUCTION  

Twitter is one of the most popular micro-
blogging services that let users post short text called 
Tweet. According to the reports, Twitter is the fastest 
growing social networking service. Users can easily 
post tweets using mobile phones or the Web. Tweet 
has a length limitation up to 140 characters. Tweet is 
distinguished from conventional text data like news 
articles and web documents in that it is typically 
composed of very short and informal messages. Our 
dataset contains collections of tweets where each 
collection consists of tweets in our feed and our 

According to our preliminary analysis on the 
data, even in one collection of tweets, there are also 
many specific tweets and meaningful topics about 
actors name, the title of an episode, related programs, 

, extracting topics from them 
and grouping tweets according to their topics are 
necessary for users to easily catch meaningful topics 

With this massive amount of information over 
the web from different social networks like Twitter, 

there has to be an automatic 
tool that can determine what people are talking about 
in certain locations and over certain period of time. 
Several researches have been done with different 
approaches. A lot of them achieved good 

performance regarding topic detection, which is 
basically grouping (clustering) similar data together 
indicating they are about the same topic. Topic 
extraction can be considered a next step whose goal 
is to label these groups through extracting a topic 
title for every group of data. 
 The idea of this research domain has originated 
back in the 1990s with a project called TDT (Topic 
Detection and Tracking). Topic detection is the 
problem of identifying stories in several continuous 
news streams that pertain to ne
unidentified events. Detecting the occurrence of a 
new event such as a plane crash, a murder, a jury trial 
result, or a political scandal in a stream of news 
stories from multiple sources is an example of topic 
detection. The task of topic 
achieved by clustering a group of news items, blogs 
or tweets and then discovering the labels of these 
clusters. 
 
 Related Work: 
 Social network services such as Twitter daily 
generate countless information 
Cardenas, 2009). It shares any short text messages 
with various users online. Previous works cluster 
tweets by considering words and phrases, and exploit 
it to classify and analyse the tweets 
It extracts topics and cluster tweets simultaneously 
based on the clustering principles: minimizing the 
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rmance regarding topic detection, which is 
basically grouping (clustering) similar data together 
indicating they are about the same topic. Topic 
extraction can be considered a next step whose goal 
is to label these groups through extracting a topic 

The idea of this research domain has originated 
back in the 1990s with a project called TDT (Topic 
Detection and Tracking). Topic detection is the 
problem of identifying stories in several continuous 
news streams that pertain to new or previously 
unidentified events. Detecting the occurrence of a 
new event such as a plane crash, a murder, a jury trial 
result, or a political scandal in a stream of news 
stories from multiple sources is an example of topic 
detection. The task of topic extraction can be 
achieved by clustering a group of news items, blogs 
or tweets and then discovering the labels of these 

Social network services such as Twitter daily 
generate countless information (Huang, Z., A.F. 

. It shares any short text messages 
with various users online. Previous works cluster 
tweets by considering words and phrases, and exploit 
it to classify and analyse the tweets (Chen, Q., 2010). 
It extracts topics and cluster tweets simultaneously 

n the clustering principles: minimizing the 
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inter-cluster similarity and maximizing the intra-
cluster similarity.  
 P. Treeratpituk et al. (2003) argues that 
clustering techniques can be useful to find groups of 
similar content that can be filtered via labelling 
techniques. Clustering documents have been actively 
researched especially before the rise of social 
networking. Cutting et al. (1992) proposed two fast 
clustering algorithms to organize large document 
collections online. 
 Hierarchical clustering was used for text 
clustering for topic detection. The agglomerative 
hierarchical clustering algorithm based on the 
average link method for online topic detection and 
tracking of financial news were improved in 
(Tomokiyo, T. and M. Hurst, 2003). The hierarchical 
agglomerative clustering technique was used for text 
hierarchical topic identification algorithm based on 
the dynamic diverse thresholds clustering (Dai, X., 
2010). 
 The hierarchical agglomerative method was used 
to group articles into clusters of same events 
(Gimpel, K., 2011). Their work aimed at extracting 
hot events from news feeds. The agglomerative 
clustering was used for topic extraction from blog 
entries within a neighbourhood [11].The bisecting k-
mean algorithm was used for topic detection by 
clustering key words of documents [2]. Using 
incremental clustering for automatic topic detection, 
a new topic detection method called TPIC that adds 
the aging nature of topics to pre-cluster stories was 
proposed. 
 A method called Core-Topic-based Clustering 
(CTC), which extracts topics from tweets and groups 
tweets by their topics simultaneously is discussed 
here[8].The dataset contains collections of tweets 
where each collection consists of tweets about one 
TV program. Intuitively, tweets within same cluster 
should be dense and have same meaning. Therefore, 
CTC method is designed based on two clustering 
principles: minimizing the inter cluster similarity and 
maximizing the intra-cluster similarity, since topic 
extraction based on clusters have same motivation of 
clustering. To further exploit tweet-specific 
information, our method considers a tweet-oriented 
factor, ReTweet (RT). Experimental results show 
that CTC efficiently extracts meaningful topics, and 
the clustering performance is better than Major clust 
algorithm. 
 The research described in this paper (Cutting, 
D.R., 1992) is part of a wider objective to develop a 
prototype that can ”feel” the pulse of the Arabic 
users with regards to a certain hot topic. The tweets 
were pre-processed, manually annotated with the 
sentiment topic, and represented in unigram features 
used in the feature se-lection experiment were used 
in the experiment. The bisecting k-mean algorithm 
with k= 20 is applied on the pre-processed tweets. 
Semantic topic of the majority of the tweets in the 
cluster is selected to be the topic describing the 

cluster. The KP-Miner is applied on each cluster and 
the first 3 key phrases are extracted. 
 Document-pivot methods cluster together 
documents using some measure of document 
similarity, e.g. cosine similarity using a bag of words 
representation and a tf-idf weighting scheme. For 
instance, the approach in (Cutting, D.R., 1992) is an 
approach that falls in this class and uses an 
incremental, threshold-based cluster assignment 
procedure. That is, it examines each document in 
turn, it finds its best match from the already 
examined documents and either assigns it to the same 
cluster as its best    match or initializes a new cluster, 
depending on if the similarity to the best match is 
above some threshold or not. Documents are 
compared using cosine similarity on tf-idf 
representations, while a Locality Sensitive Hashing 
(LSH) scheme is utilized in order to rapidly retrieve 
the best match. 
 In order to extract the topic described by a 
cluster, key phrase extraction techniques are mainly 
used to do that. Generally key-phrase extraction 
techniques can be categorized into simple statistics, 
linguistic, and machine learning. The statistical 
language model was used to extract key phrases in 
the work presented in (Stein, B., S.M. Eien, 2002) 
while heuristic rules and statistics were used to 
develop a key phrase extraction system called KP-
Miner. Term Frequency * Proportional Document 
Frequency (TF*PDF) algorithm is used to recognize 
the terms that try to explain the main topics. 
 This algorithm is designed to assign heavy term 
weight to these kinds of terms and thus reveal the 
main topics. Temporal and social terms evaluation 
was tackled for extracting emerging topics on Twitter 
(Kurniati, M.N., 2014). Part of speech tagging, 
formatting, and position of words were used as 
features to identify the terms describing the topic and 
high matching against the annotated data were 
achieved (Rafea, A., N.A. Mostafa, 2013). Semantic 
information for automatic key phrase extraction was 
used in (Petkos, G., 2014). An automatic online news 
topic key phrase extraction system was developed in 
which TDT algorithm was combined with aging 
theory for topic detection and tracking. Automatic 
titling of electronic document using noun phrase 
extraction was also investigated.  
 
Methodology: 
 The overall system is described in Fig 1. 
Trending topic detection system involves basic 
preprocessing and word level clustering based on 
term frequency and bigrams. 
 The tweets in json format are processed and 
converted to text stream. The tweets in text are 
subjected to the removal of emojis, hash tags, 
hyperlinks etc.. Following this the tweets are 
tokenized into unigrams. Further the tweets are 
tokenized as bigrams and all the tokens extracted will 
be tagged using the twitter POS tagger (Cataldi, M., 
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2010). For example, consider the following tweet: 
 
My friend is a non-vegetarian: 
 In the above tweet, on unigram tokens, 
vegetarian occurs as a token which is potential 
candidate for a topic. But according to the actual 
scenario non-vegetarian must qualify for the topic. 
 

 
Fig. 1:  Sequence of steps followed to detect the trending topics
 
Lemmatizer module: 
 The formed Tokens per each tweet set are 
processed for similarity. Like if two tokens have 
same meaning or in other words if they are 
of each other they qualify as same token. For 
example, tokens “sad” ,“sorrow” qualify as same 
tokens. 
 
Clustering: 
 This paper intends to propose a clustering 
algorithm for extracting the trending topics in our 
tweets dataset. The tweets are given
“MajorClust” Clustering tool. The tweets are divided 
as different subsets (clusters) based on the similarity 
among their cluster members. In the second level of 
clustering, the stop words (standard) that are present 
in first level of clusters are removed. Additional stop 
words that are considered as not being eligible for 
qualification as a topic were also introduced and are 
removed. In the resulting data, words are stemmed 
using stemmer algorithm. Major clustering with 
ungirams and bigrams is applied to find the clusters 
and topics from clusters. 
 
Majorclust Algorithm: 
 MAJORCLUST is new clustering algorithm 
which strives at a maximization of graphs weighted 
partial connectivity (A) which is defined as follows:
Let C = {C1,.,Ck } be a clustering of a 
graph G = {V,E,w}. 
      k 
A=∑  |Ci*L i| 
      i=1 
 Where Li, designates the weighted edge 
connectivity of G (Ci).The weighted edge 
connectivity, L, of a graph where E ‘is a subset of E 
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For example, consider the following tweet:  

In the above tweet, on unigram tokens, 
vegetarian occurs as a token which is potential 
candidate for a topic. But according to the actual 

vegetarian must qualify for the topic. 

Considering the tokens as bigrams helps us to resolve 
this issue, which acted as a reason to include bigram 
tokens for applying clustering techniques. Following 
this the stop words are removed and the tokens are 
stemmed to obtain the potential candidates which 
could qualify for a topic. 

 

Sequence of steps followed to detect the trending topics. 

The formed Tokens per each tweet set are 
processed for similarity. Like if two tokens have 
same meaning or in other words if they are synonyms 
of each other they qualify as same token. For 
example, tokens “sad” ,“sorrow” qualify as same 

This paper intends to propose a clustering 
algorithm for extracting the trending topics in our 
tweets dataset. The tweets are given as an input to 
“MajorClust” Clustering tool. The tweets are divided 
as different subsets (clusters) based on the similarity 
among their cluster members. In the second level of 
clustering, the stop words (standard) that are present 

rs are removed. Additional stop 
words that are considered as not being eligible for 
qualification as a topic were also introduced and are 

In the resulting data, words are stemmed 
using stemmer algorithm. Major clustering with 

is applied to find the clusters 

MAJORCLUST is new clustering algorithm 
which strives at a maximization of graphs weighted 
partial connectivity (A) which is defined as follows: 

clustering of a 

Where Li, designates the weighted edge 
connectivity of G (Ci).The weighted edge 
connectivity, L, of a graph where E ‘is a subset of E 

and  G’= {V,E / E’} is not connected. L is also 
designated as the capacity of a minimum cut of G. A 
definite majority decision (left) and an indefinite 
decision (right) when assigning a node to cluster is 
obtained. 
 Initially MAJORCLUST assigns each node of a 
graph its own cluster. Within the following re 
clustering steps, a node adopts the same cluster as the 
majority of its weighted neighbours. If several such 
clusters exist, one of them is chosen randomly. If re
clustering comes to an end, the algorithm terminates.
The runtime complexity of MAJORCLUST is
|E|*|Cmax|, where Cmax designates a maximum cluster. 
MAJORCLUST finds a fast, but possible suboptimal 
solution for the problem of A-maximization. 
 
Trending Topics Detection 
 The clusters formed are processed for 
identifying the Key topics around which each cluster 
is surrounded. The top topic terms from each cluster 
are identified with the kmeans
core topic terms from each cluster are then used for 
finding the hot topic for the current time window. It 
is then normalized with the previous time window 
results to provide the Trending Topics for the current 
time window. 
 
Refinement: 
 The top words per each cluster are identified 
using the Major Clust algorithm.
undergo stemming; some of the words get distorted. 
For example,  
On stemming,  
Party �  Parti 
This type is spelling errors are refined and original 
words are restored. 
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On Refining,  
Parti �  Party 
The refined words are the qualified topic words. 
 
Results And Observation: 
 The speed of the algorithm is a major evaluation 

parameter pertaining to large data set. The accuracy 
and the extent to which the appropriate topic words 
are retrieved and the Error percentage in topic words 
retrieved at the final stage adds to the list of major 
evaluation parameters. 

 
Table I: Comparison table showing the number of clusters formed using Major cluster unigrams and bigrams. 

 
No of Clusters 

No of Tweets 
Wards Hierarchical 

Clustering 
Major clustering 

Unigrams 
Major Clustering 

Bigrams 
Major Cluster (Unigram + 

Bigram {noun}) 
800 114 80 63 64 
1000 154 90 90 70 
1200 194 106 107 73 
1600 265 109 141 82 
2000 322 122 179 95 

 
 Table I shows the result observation for 1200 
tweets for three different techniques namely Ward’s 
Hierarchical clustering, Major clustering (unigrams) 
and Major clustering (unigrams and nominal 
bigrams). It is seen that the number of clusters has 

reduced significantly by taking both unigrams and 
bigrams (nominal) into consideration rather than 
taking unigrams alone. The below chart gives the 
graphical representation of the above result 

 

 
 
Fig. 2: Column graph showing the result observation for Ward’s Hierarchical clustering VS Major cluster 

(unigrams) Vs Major clustering unigrams and bigrams, taking number of tweets in x axis and number 
of clusters formed in y axis 

 
 As shown in Figure 2, considering unigrams and 
bi-grams (nominals) makes the cluster formation 
more accurate than considering unigrams alone and 
the result proves that Major clustering algorithm 
considering both unigrams and nominal bigrams as 

tokens is more efficient than the rest two methods. 
So, the tweets which are surrounding the same topic 
are grouped together more accurately thus, enhancing 
the topic detection process. 

 
Table II:  Comparison table showing the average similarity score for Major clustering unigrams and bigrams. 

 
Average Similarity Score 

No of Tweets Unigrams Bigrams Unigrams + Bigrams 
1500 0.3939 0.439 0.5638 
1800 0.45 0.5177 0.572 
2000 0.4102 0.4332 0.5471 
2500 0.5 0.4951 0.5835 

  
 Table II depicts the average similarity score for 
all three methods (unigrams, bigrams, unigrams + 
bigrams). Average similarity score is the measure of 
similarity between tweets in a cluster. This is 
calculated as follows, for each cluster the average 

distance between the tweets in the cluster is 
calculated, the sum of all averages divided by total 
number of clusters gives the average similarity score. 
It can be seen that it is higher for unigrams + bigrams 
and hence it is efficient than the other two methods. 
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Conclusions And Future Work: 
 The conclusion of our experimental analysis 
suggests that 51% accuracy is obtained with the 
dataset, being the Proceedings of the VLDB 
Endowment, Vol 7, 2013-2014. Tesseract is now 
behind the leading commercial engines in terms of its 
accuracy. Its key strength is probably its unusual 
choice of features. 
 Its key weakness is its use of a polygonal 
approximation as input to the classifier instead of the 
raw outlines. With internationalization done, 
accuracy could probably be improved significantly 
with the judicious addition of a Hidden-Markov-
Model-based character n-gram model, and possibly 
an improved chopper. Also we have successfully 
detected graphical images from the dataset and 
extracted their textual explanation. The extraction 
takes place post the conversion of the research paper 
from pdf to text format. The analysis of the extracted 
text is done based on the above suggested metrics 
and a grading is assigned to the research paper as 
output. Future work could include better search 
optimization strategies for combining points for the 
components with the use of web-crawler so that 
technical terms can be extracted from authentic 
sources. To increase the success rate of the text 
extraction, the image must be processed further 
before passing it to the OCR Engine. 
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