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Abstract

Micro-blogging is a way of communication where users publish messages with limited length. Twitter is one such example where 
the user message is known as tweet which is a post of 140 characters and published to reflect their views on an event and discus-
sions. Large numbers of users are connected on the Twitter network and large amount of information is generated from them. 
Based on the different Twitter aspects various commercial and noncommercial systems have been developed. This paper aims to 
study these different aspects of Twitter and discusses the different design frameworks and architectures related to it.
Keywords: Follow, Followee Recommendation, HashTag Recommendation Retweet, Similar Users, Twitter, Tweet, Trend 
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1. Introduction to DSS
In Twitter users can post messages called tweets which are lim-
ited to 140 characters and provides a network which connects 
the users with similar interest. The different functions that user 
can perform in Twitter includes writing a new message called 
as Tweet, or publishing the existing posted message called as 
Retweet function , finding new users to Follow and including 
users in the tweet as Mention. These functions can be used to 
define the different recommendation tasks. The different com-
ponents in Twitter where a recommender system can be used to 
recommend are described as follows:

1.	 Tweet Recommendation which recommends what should the 
user tweet about.

2.	 URL Recommendation that recommends URL that user can 
include in a new tweet.

3.	 Hash Tag Recommendation recommends hash tags that user 
can include in a new tweet.

4.	 Retweet Recommendation that recommends which tweet 
should the user retweet 

5.	 Mention Recommendation which recommends who the user 
should mention in his tweet.

6.	 Followee Recommendation that recommends who the user 
should follow.

Based on these functions various frameworks have been 
designed and different architectures are proposed in Twitter. 

2. Existing Twitter Frameworks and 
Architectures
Twitter allows us to convey our message with the similar minded 
people. The established connections also open up many areas for 
recommendation.

2.1 Trend Detection
A trend is considered as frequently occurring keywords that 
suddenly appear in tweets at high rate. Large number of users is 
connected on the Twitter network and each of these active users 
publishes their information. Trend Detection is important in 
order to find which information is currently popular on Twitter. 
Trends are generated by the popular events and topics that is the 
point of communication in the Twitter network. Trend detection 
has its applications in reporting the news, marketing experts, 
opinion mining related companies.

TwitterMonitor12 is system that is used to perform trend 
detection in real time on Twitter stream data and analyses them 
to identify description of each topic.  The Figure 1 shows the 
architecture of TwitterMonitor that works in three steps where 
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trend is first detected and then grouped and analyzed in the 
last step12.  QueueBurst algorithm is used to detect bursty key-
words. GroupBurst algorithm is used to groups these bursty 
keywords into trends by checking their occurrences in the cur-
rent tweets. After a trend is identified as set of bursty keywords, 
TwitterMonitor attempts to identify an accurate description 
associated with that trend. 

TopicSketch14 is another real time bursty topic detection method 
which works in two stages. Initially a data sketch is constructed 
which computes the total number of all tweets, the occurrence of 
each word and the occurrence of each word pair which is an indica-
tion of  potential tweet popularity. A sketch-based topic model is 
developed to find the bursty topics from the data sketch.

Another method to detect trend and bursty keywords is 
based on the properties of Twitter stream data which works in 
three stages where initially the keywords are collected. Then the 
Keyword Merger module merges the acronyms, reduced key-
words and typo and spacing keywords from which at last the 
different trends are detected.

These above methods of detecting the trends are based on 
analyzing the bursty terms. These methods have the limitation 
that they fails to capture the fact that multiple terms may be 
involved with the same event and requires that at least one term 
undergoes a sufficiently high jump in relative frequency that the 
event can be identified. 

Topic models have been used to capture events using cluster-
ing of terms along with updating the changes in terms occurring 
together than just focusing on the number of times the term is 
occurring (term frequency).Latent Dirichlet Allocation (LDA), 
Online LDA (OLDA) techniques have been used to learn the top-
ics from the documents. 

2.2 Similar Users Recommendation
Finding similar users is another recommendation task in Twitter for 
which different frameworks have been proposed. Twittomender2 
and TwitterRank20 have been discussed in the paper.

Twittomender framework is designed as a web service where 
the profile information of the user is retrieved in order to form 
a user document. Each user is modeled as a document contain-
ing up to 200 most recent tweets of that user, then using TF-IDF 
metric the frequency of a given term is examined within a docu-
ment multiplied by its frequency score across all the documents. 
Twittomender mines a large number of user profile details and 
content by following the links between users on the social graph. 
It uses seven recommendation strategies; these include the con-
tent and connections of a user. The content based method is 
based on users tweets, tweets of followees, tweets of followers, 
and combination of users and his followees and followers tweets, 
while the Collaborative based method uses the connections of 
Followee’s , Follower’s and using all the connections.

Table 1. Different Recommendation Areas in Twitter and its corresponding frameworks discussed

Recommendation 
Area

Description Discussed  Techniques

Trend Detection Keywords that suddenly appear at a very rate due to topics 
or popular events forms Trends.
Detecting trends in real time is one of the challenging areas.

TwitterMonitor12

TopicSketch14

Based on Twitter stream characteristics
Based on Topic Models

Similar User 
Recommendation

Users are connected on the social network. Such links 
which are in the network topology or beyond can be 
suggested to find users with similar interests.

Twittomender2

TwitterRank20

Hashtag 
Recommendation

Due to limited character length in Twitter, additional 
features like hashtags are included which can be 
recommended to the user based on the content of the tweet.

TRECT17

TweetSense15

Figure 1. TwitterMonitor Architecture12.
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Figure 2. TwitterRank Approach20.

TwitterRank is an extension of PageRank algorithm that is 
used to measure the influence of users in Twitter. TwitterRank 
measures the influence taking both the topical similarity between 
users and the link structure into account20. 

Topic Distillation automatically identify the topics that users 
are interested in based on the users published tweets. Latent 
Dirichlet Allocation (LDA) technique is used that identifies the 
latent topic information from large document collection. It uses 
a “bag of words” concept which treats each document as a vector 
of word counts.

Using this each document is represented as a probability dis-
tribution over some topics, while each topic is represented as a 
probability distribution over a number of words. The influence 
of a twitter user is considered as high if the sum of influence of 
followers is high. 

2.3 Hashtag Recommendation
Hashtags can be another component that can be recommended 
based on the content of the tweet. TRECT and TweetSense are 
the two frameworks discussed in this approach.

TRECT provides an effective suggestion mechanism for 
hash tags from the pool of existing ones to the users of the same 

interest. It considers the impact of the frequency of hash tags 
appearing together in a Twitter message to generate the score to 
rank a hashtag to recommend it to be used with relevant ones17.  
Initially Hashtag Graph is constructed by using all the messages 
containing hash tags for a small time slice. Same set of hash tags 
can repeatedly appear in different messages including re-tweets 
and replies. This develops a multi-graph where each node stands 
for a number of occurrences of that specific pair of hash tags and 
corresponding edges represent each such occurrence. Using this 
system discovers the possibility of new “ties” based on already 
existing strong ones. This link prediction mechanism uses a 
fitness metric to measure the strength of the new tie.  Weighted-
Tag-Similarity metric is used to rank the recommendations. 
Network of hash tags is created, and the principle of triadic clo-
sure is applied on it. The output indicates that the different hash 
tags that are recommended according to their relevance which is 
calculated using weights.

TweetSense tries to sense out the context from the tweets. 
When a Twitter user generates context less tweets it is referred as 
an Orphan Tweet, which have no hash tags or @mentions. It is a 
hashtag rectification system that does not force users to use the 
hash tags at the time of origin rather recommends a list of hash 
tags for the users who look for context.15

The system starts with choosing the right candidate set of hash 
tags from the user timeline followed by extraction of the tweet 
content features such as test similarity, recency of the tweet and 
popularity and the social signal of the users such as mutual friends, 
mutual followers, recent favorites, recent direct replies, and fol-

Table 2. Comparison of Different Trend Detection Frameworks and Architecture

Framework Name Methodology Technique/Algorithm Approach
TwitterMonitor Identification of Trends 

Grouping of Trends Trend 
Analysis

Bursty keywords are detected using 
QueueBurst algorithm. Bursty keywords are 
grouped together by GroupBurst algorithm

Keyword-based 
approach

TopicSketch Sketch-based topic model is 
used to find bursty topics.

Data sketch is proposed using total number of 
tweets, the occurrence of each word and each 
word pair From this, sketch based topic model 
is proposed

Keyword-based 
approach

Based on Twitter stream 
characteristics

Keyword Collector Keyword 
Merger Trend Detection

Bursty keywords are based on the term 
frequency

Keyword-based 
approach

Based on Topic Models Captures events by clustering 
of terms

Latent Dirichlet Allocation (LDA), Online 
LDA (OLDA)

Topic Model 
Based approach

Table 3. Comparison of Similar User Recommendation Frameworks and Architecture

Framework Name Methodology Technique/Algorithm
Twittomender User Profile is collected as a document and tf-idf 

mechanism frequency of term is calculated.
Based on Content and 
Collaborative Techniques

TwitterRank User Influence is calculated by measuring topical 
similarity between users and the link structure

Latent Dirichlet Allocation
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lower-following relationship. Then logistic regression model is 
used to union all the features that were extracted to recommend 
the most suitable hash tags. Based on their probabilities the top K 
most promising hash tags are recommended to the user.

3. Conclusion
Twitter presents a unique environment for data mining and natu-
ral language processing due to the limited message length, as well 
as the users and their intentions. This paper discusses the different 
research design frameworks in Twitter related to these different 
perspectives. The different areas covered in this paper are sys-
tems related to find trending topics and events are studied which 
identifies the emerging news in real time. Twittomender which 
recommend similar users and Twitterrank which identifies the 
influential users are discussed. Interesting news articles are recom-
mended to users based on their profile and tweet messages.

Similar design frameworks can be extended or new systems 
can be proposed to recommend the different twitter functions.
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