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Abstract—Miillions of users are active on Twitter and they
consume and disseminate messages resulting in collection of
massive information. In order to provide user with personalized
information service, the recommendation system is considered
as an effective method that can alleviate the information
overload problem. The different aspects that can be
recommended in Twitter are explored in this paper along with
different  available commercial and noncommercial
architectures and frameworks. The paper aims to provide a
brief overview behind the design and compares them based on

their followed recommendation approach.
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. INTRODUCTION

In Twitter users can post messages called tweets which are
limited 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 components 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.

Il.  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. In this paper the different
frameworks available in Twitter in recommending similar
users and hashtags along with detection of trends are
discussed.
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TABLE I. DIFFERENT RECOMMENDATION AREAS IN TWITTER ALONG WITH

DISCUSSED FRAMEWORKS AND ARCHITECTURES

Recommendation
Area

Description

Discussed
Techniques

i [12]
topics or popular events :
Trend Detection forms Trends. Topl[claiiemh

Keywords that suddenly
appear at a very rate due to

Detecting trends in real time
is one of the challenging
areas.

TwitterMonitor

Twevent [21]

Users are connected on the

social network. Such links Twittomender
Similar User which are in the network [2]
Recommendation topology or beyond can be TwitterRank

suggested to find users with [20]
similar interests.

Due to limited character
length in Twitter, additional

Hashtag features like hashtags are TRECT [17]
Recommendation included which can be TweetSense
recommended to the user [15]
based on the content of the
tweet.

I1l.  TREND DETECTON

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.

TwitterMonitor [12] 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 trend is first detected and then grouped and
analyzed in the last step [12]. QueueBurst algorithm is used
to detect bursty keywords. GroupBurst algorithm is used to
groups these bursty keywords into trends by checking their
occurrences in the current tweets.
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Fig. 1. TwitterMonitor Architecture [12]



After a trend is identified as set of bursty keywords,
TwitterMonitor attempts to identify an accurate description
associated with that trend.

TopicSketch [14] is another real time bursty topic
detection method which works in two stages. Initially a data
sketch indicating the tweet popularity is constructed based on
tweets and word occurrence in it. In the second stage a topic
model is developed to find the bursty topics from the data
sketch.
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Twevent [21] event detection architecture is composed of
three segments where first the tweets are split into different
segments by the process of tweet segmentation which are then
stored in segment index. The bursty segments are detected by
the event segment detection process and the similar event
segments are grouped by the event segment clustering

component.
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Fig. 3. Twevent Architecture [21]
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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
keywords and typo and spacing keywords from which at last
the different trends are detected.

Topic models have been used to capture events using
clustering 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 topics from the documents.

TABLE Il. COMPARISON OF DIFFERENT TREND DETECTION FRAMEWORKS
AND ARCHITECTURE

Framework Methodology Technique Approac
h
Identification Bursty keywor_ds are
of Trends detected using
) _ Grouping of QueugBurst Keywor
TwitterMonitor Trends algorithm. d-based
Trend Bursty keywords are | approach
Analysis grouped together by
GroupBurst
algorithm
Sketch-based Data dslf<etch IS Topic
TopicSketch topic model is proposed from tweet Model
used to find andt frc_:m th'j slk_etch Based
bursty topics. O%Ifor;c?sez s approach

Keyword
Collector Keywor
Based on Keyword Bursty keywords are d-based
Twitter stream based on the term
. Merger approach
characteristics frequency
Trend
Detection
Captures - Topic
Based on Topic events by Latent_ Dirichlet Model
Models clustering of AI_Iocatlon (LDA), Based
Online LDA (OLDA)
terms approach

IV. USER RECOMMENDATION

Finding similar users is another recommendation task in
Twitter for which different frameworks have been proposed.
Twittomender [2] and TwitterRank [20] 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. The recent user tweets are used to
model the user which is then used to examine the frequency
of terms appearing in them. Twittomender uses seven
recommendation strategies; these include the content 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, Follower and using all the connections[2].
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Fig. 4. Twittomender Control Flow Diagram [2]

TwitterRank is used to measure the influence of users in
Twitter by considering both the user similarity based on the
similar topics and the links they follow [20]. Earlier the
influence of user was measured by his follower count or by
incorporating the network link structure as in PageRank. The
limitations of in-degree and PageRank are overcome in this
paper by considering both these factors. The approach works
by first identifying the topics user is interested in based on the
tweets posted by him. Based on Latent Dirichlet Allocation
technique that is used to identify the topic information then
topic-specific relationship network is formed. From the
formulated network the influence of a twitter user is
considered. The influence is high if the sum of influence of
followers is high.
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Fig. 5. TwitterRank Approach [20]



TABLE Ill. COMPARISON OF SIMILAR USER RECOMMENDATION
FRAMEWORKS AND ARCHITECTURE

Framework Methodology
User Profile is collected as a
document and tf-idf

mechanism  frequency of

Technique

Based on Content

Twittomender and Collaborative

mutual friends, mutual followers, recent favorites, recent
direct replies, and follower-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 most promising hash tags are

term is calculated. Techniques recommended to the user.
User Influence is calculated i TABLE IV. COMPARISON OF HASHTAG RECOMMENDATION FRAMEWORKS
TwitterRank b_y ~ Measuring topical | Latent ) Dirichlet AND ARCHITECTURE
similarity between users and | Allocation
the link structure Framework Methodology Technique/Algorithm
. Hash tag network is created and
V. HASHTAG RECOMMENDATION Hashtag Graph'is | sing weighted tag similarity hash
constructed tags are recommended according
Hashtags can be another component that can be TRECT Link prediction | to their relevance
recommended based on the content of the tweet. TRECT and mechanism is
TweetSense are the two frameworks discussed in this used
approach. Finds the context
i i i i of the tweets and Logistic Regression Model
TRECT provides an effective suggestion mechanism for TweetSense suggests lists of Top K Hashtags are
hash tags from the pool of existing ones to the users of the hashtags to recommended
same interest. It considers the impact of the frequency of hash orphaned tweets.

tags appearing together in a Twitter message to generate the
score to rank a hashtag to recommend it to be used with
relevant ones[17]. 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 closure 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.
The tweets which do not have hashtags in them are called as
orphan tweets. It is a hashtag rectification system that
recommends the users with a list of hash tags. [15]
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Fig. 6. TweetSense Architecture [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

VI. CONCLUSION

Twitter presents a unique environment for data mining and
natural 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 systems 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 recommended 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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