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Abstract: Web-based social networking services (SNS) allow people to connect across political and geographic boundaries who share interests and 
activities. Online social network services (SNSs) as Twitter have recently been highlighted as a means of understanding the implicit interest of users 
from the abundance of online information. This research aims at tracking Twitter users' interests, which has become a matter of concern for all, from the 
government of a nation to the businesspersons from politicians to celebrities. Existing approaches for understanding user intentions and interests mainly 
focus on finding the interest depending on the tweets and whom they follow. The level of interest of the user does not necessarily depend on who they 
are following and what they tweet each time. This may result in inaccuracy in predicting the interest of users. This research outlines the topics of interest 
derivation by tracking the Twitter micro-blogging considering other degrees (such as time, activeness of the user) that affect Twitter user's interest. It also 
provides a framework to set the interest rate and rank the user using the proposed architecture. Experimental results reveal that the topics of interest 
deduced by the proposed method outperforms those topics inferred by models (Labeled LDA) on tweets. This research certainly speculates the user's 
interest in Twitter correctly; more studies are needed to speculate the user's interest providing the Twitter user's geographical impact. 
 
Index Terms: Interest Score, Labeled-LDA, Social networking site (SNS) and User interest.   
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1 INTRODUCTION                                                                     

witter has achieved significant attention in the realm of social 
networking and microblogging due to its tremendous exposure 
of allowing users to publish their views and thoughts and share 
interests online. With a number of 300 millions users, Twitter 
till 2019 is one of the largest social networking sites in the 
world [1]. Twitter's personalized engagement or interest 
monitoring all owe users to access Twitter's several thriving 
communities by providing direct messages to users based on 
the issues they communicate and interact with Twitter. Interest 
monitoring means that certain companies represent 
consumers whose preferences are closely compatible with 
their business. Together with compelling content, it can help 
them to find a receptive audience that is eager and passionate 
about the issues most important to their products or services. 
Several personalized search and recommendation systems 
are being modeled for helping users of Twitter to find content 
that attracts them. Almost all of the previous studies tried to 
deduce topics of interest from the tweet contents. Although 
sometimes the inferred topics are not meaningful at all [2], but 
tweets frequently comprise of conversations about the users' 
regular dealings, providing it complicated to ascertain 
meaningful topics. This article addresses a distinctive 
framework to speculate the topics of interests of Twitter user 
over a certain period. The proposed approach outlines the 
following issues. 

1. Propose a method to infer interests of users where 
the users' behavioral patterns can be observed by 
mining the topics extracted from the tweets published 
by them over a certain period.  

2. Quantify users‘ activeness to find user interest score 
concerning time and number of the tweets of the user.  

3. Conduct substantial analysis employing data sets to 
show the efficacy of the proposed approach.  

 

 

2    REVIEW OF THE LITERATURE 
The earlier strategies of tracking user interests and intentions 
are still focused on tweets [2]. A potential system was 
developed using who likes what as a foundation by 
Bhattacharya [2] also presented a method depending on social 
annotations to deduce the topics of interest in a given Twitter, 
but that was not developed for the Twitter platform. Ding  [3] 
proposed an approach for mining information that reveals 
users‘ individual interests from Twitter data sets. They studied 
the common patterns expressing user interests in Twitter 
biographies and trained a sequential labeling model to extract 
interest tags from the tweet contents. They employed their 
methodology to the Twitter users on the celebrities they like or 
follow. Huang et al. [4] suggested a probabilistic approach for 
dynamic user attribute over Sina Weibo dataset. Considering 
the microblog documents to arrive in a batch mode, they 
introduced a time window to accumulate segmented portions 
of microblog data to discover the dynamic user interest. 
Approaches based on supervised machine learning 
techniques were also found to be effective [5] but unavailability 
of training data and language dependency made those 
approaches ineffective. Vu et al. used regular expressions for 
the unsupervised approaches to retrieve and rate key phrases 
from tweets based on common metrics such as tf-idf or 
TextRank [6]. Mutual reinforcement strategies are used in a 
random walk-based model for text and connection knowledge, 
both texts and links were used in developing such models [7]. 
For mining user interests, they employed user‘s profile 
information and messages posted in text information and 
social communication relationships concerning follow, retweet, 
comment, etc. Some authors proposed methods for monitoring 
topics of interest based on aging beliefs and hypotheses [8]. A 
graph-based connection prediction scheme is proposed to 
deduce implicit consumer preferences in evolving Twitter 
topics [9]. Michelson and Macskassy described a Twitter 
user's interests as a Wikipedia category bag. Seghouani [10] 
proposed two completely new approaches Frisk and 
AscertAin, while the first one determines user interest from the 
direct implication of the words in the tweets of the users, the 
latter method focuses on the implicit dimensions of the words. 
Among other approaches like taxonomy [11], interest mining 
from a few target attributes like (age, gender) [12] was also 
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used. Most recently Jaradat [13] used temporal user profile 
classification. Diaz [14] proposed an online learning algorithm 
namely, RFMO for collaborative filtering by developing a new 
paradigm for collaborative online filtering focused on the pair-
ranked method. Piao et al. [15] and Orlandi et al. [16] included 
the propagation of user interest profiles on DBpedia. DBpedia 
offers context information of entities that involves not just the 
types of entities but also associated entities across various 
assets. A modeling technique utilizing the biographies of a 
user's followers was discovered to infer user preference for 
passive applications, [17]. Most recently An Active Neuro-
Fuzzy Inference Framework (ANFIS) tweet recommender 
model was used for managing ambiguity, inaccuracy and 
vagueness in the characteristics of objects and user behavior 
[18]. The problem with this model is the high cost due to the 
complex structure. The main drawback of these previous 
methods is the consideration of ‗interest‘ as probability 
deducing dispersal of words or bunch of words, instead of 
providing the precise definition of interest. As a result, topics of 
interest of the identified user may not actively reveal about his 
or her personality. Our aim in this work is to infer the interest of 
users who have a certain level of activeness with respect to 
time and we have observed a significant influence of others 
tweets in user interest. 

 
3 PROBLEM DEFINITION 
Social Network: A social network can be characterized as G = 
(U, E, T), where U corresponds a set of social users, E 
indicates the social contacts among users, and T= {T1, T2 ...... 
Tm} represents the set of topics discussed by U in G [22]. 
Topic: A distribution that contains most representative words 
for that topic. For example, politics topic has words like 
election, government, democratic, parliament etc. about 
politics [20]. 
Query: Query Q = {Tq} input list is a set of Tq query topics. 
Activity: Sharing tweets, re-tweeting, reacting, comments are 
known as activities in Twitter.  
Time Interval: Let Ω = <t1, t2,…tn > be a sequence of points in 
time, Im .We partition Ω into set of equal-length non 
overlapping intervals denoted as I = {I1,...,Ik} . 
Topical Interest Score: For each social user u, we measure her 
topical interest score related to the given query Q using 
Equation at each time interval Ik as, 

 
 

 
where, c is a control parameter (0 < c <1), h is the time 
difference between the end time of the interval Ik and tweet 
posting time, n is the number of tweets by user u about the 
given query Q , tm is the maximum number of tweets about Q 
posted by any user at Ik. 

 
4    PROPOSED METHODOLOGY 
Identifying social users' interests on any social platform is not 
an easy task. For example, a Bangladeshi user has been 
using Twitter for a long period, the individual is essentially a 
professional scientist, and most of his tweets are inspired by 
scientific events. During the world cup cricket, he tweeted 
―Well played Sakib", from this post it can be easily assumed 

that he is interested in Cricket. This can conflict with his usual 
topical interest. Again, if a user is not much active i.e. posts 
tweets very often, then that is also not easy to find his topical 
interest. So several other parameters should be considered in 
finding the interest of a user. This section outlines the 
methodology consisting of mainly two steps. At first, the pre-
processing of the tweets is accomplished to remove noise and 
then apply Twitter-LDA topic modeling in order to get the topic 
mentioned in each tweet. Next, we calculate users' degree of 
topical interest for a given query Q over a period and list the 
top-ranked social users with the highest degree of topical 
interest. We also observe and present the change in users' 
degree of the topical interest rate at different time intervals. 
The workflow diagram of the proposed methodology is 
illustrated in  figure 1. 

 
 
 
 
 
 
 
 

 
 

 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
4.1  Data Pre-processing 
Twitter users sometimes post random spam / noisy tweets 
[23]. It is important to remove noisy tweets from the databases 
because they can lead to incorrect conclusions. The pre-
processing of the sample data is carried out as follows: 

1. Remove RT@user: The RT @ is used when the user 
is re-tweeting some others tweet. For Twitter Self 
LDA, the RT should be removed so that the 
differences between Twitter Self LDA and Twitter LDA 
can be observed. 

2. Remove User-Id's URL: Twitter has special rules 
regarding reserved symbols and links that could 
cause confusion in later analysis. As an example, 
there could be user with same username. Therefore, 
the User-Ids URLs should be removed and replaced it 
with Ids. Because the name might be different but the 
User-Id is always unique.  

 
4.2   Inferring User Topical Interests 
To infer users' topical interest, the Twitter Latent Dirichlet 
Allocation (T-LDA) and Twitter Self LDA method are employed. 

 

 
        Fig. 1. Workflow diagram of the proposed methodology 
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Twitter Latent Dirichlet Allocation (T-LDA): 
Topic Modeling is the process of inferring topics in texts. This 
is typically performed by identifying patterns in a cluster of 
documents called a corpus, and grouping the words used into 
topics. There are various approaches for topic modeling: 
Latent Semantic Analysis (LSA), Probabilistic Latent Semantic 
Analysis (PLSA), Latent Dirichlet Allocation (LDA) and so on. 
This research employs Twitter Latent Dirichlet Allocation (T-
LDA) [19], a schematic diagram of this model is shown in 
figure 2. Originally, LDA is used for longer texts, whereas 
Twitter LDA is a unique model, that deliberates the smallness 
of a tweet. The Twitter LDA considers that a single tweet 
comprises of a single topic, and that tweets includes topic and 
background words. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Suppose, there are k topics in Twitter and a topic word 
distribution represents each topic. Distribution over k topics 
represents that each user has his/her topic interest u. Topic k 
is allocated to each tweet of user u based on the topic interest 
φu. Here θB is the word distribution. The distribution of 
background and topic words is donated by π, which is 
common for all users. 

 
5 EXPERIMENTAL RESULT AND DISCUSSION 
The effectiveness of the proposed inferring and tracking user 
interest system was implemented on real Twitter data sets. 
Experiments were performed using Stanford Network Analysis 
platform (SNAP) Dataset [21]. 

 
5.1  Comparison of Topic analysis with our approach and 

previous approach 
From our dataset word, topic distribution using Twitter LDA is 
given in Table 1. Obviously, words in Topic 0 corresponds to Iran 
Election, ―death of Michael Jackson‖ are is the topics we get from 
words of Topic 1.Topic 2 is related to Social Media and Topic 3 is 
better related with Smart Phone. Several approaches were used 
for topic modeling. Seghouani et al. [10] used LDA modeling. The 
topic words from LDA modeling is listed in Table 2.  

In Table 2 we can see that Topic 2 better corresponds to politics. 
However, Topic 1 is a list of terms in French, some of which (e.g., 
"jeu" and "jeux" which translate to "football" and "play" 
respectively) indicate either the words in topic 1 corresponds Play 
or Sports; while others corresponds Economy. 

That means there is clearly ambiguity in indicating the interest 
properly. Similarly, the words in Topic 3 fails to give a clear 
concept about the interest. On the contrary, the model we used is 
Twitter LDA model that unambiguously gives clear concept about 
the Topic from their word distribution. 

 
5.2   VARIATION OF TOPICS WITH RESPECT TO TIME: 
The data sets have been employed for tweets as the input to 
Twitter LDA with predefined parameters.  Twitter LDA infers 
total 10 topics and the topics derived by Twitter LDA are the 
distribution of likelihood for a set of different words in the 
corpus and the classification of terms within the topic is 
focused on the probability value. 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

 

The distribution of topics of tweets of a particular user over 
some time interval is shown in in Fig. 3. The duration has been 
divided into five intervals. Obviously, during the first-time 
interval the user posted three tweets on Topic 1, during the 
same period he also tweeted about topic 2, 3, 5, 8 and 10. 
Again, if we consider the time interval June 23-26, he tweeted 
on Topic 1 only one time whereas in the time interval June 11-
14 he tweeted 3 times on Topic 1. So, the user interest is not 
consistent, it changes over different parameters. 
 
5.3   RANKING OF USERS ACCORDING TO THE RATE OF INTEREST 
We have taken users and their tweets from June 15-18 and 
the observations are furnished in Table 3.  Table 3 provides 
the tweets on Topic 2 and calculates the interest using Eq. (1) 
[for example a user u tweeted about topic k in 2009-06-11 
17:06:49.] The threshold time is 2009-06-14 23:59:59 then his 
calculated h will be=78h. If he tweets more than one time then 

TABLE 1 
 TOPIC WORDS OF TWITTER LDA   

Topic 0 Topic 1 Topic 2 Topic 3 

Iran Death outlook Iphone 

Democracy Michael Follow App 

Community Love Twitter Download 

State Live tweetie Text 

people Life blog Install 

TABLE 2 
 TOPIC WORDS OF LDA   

Topic 0 Topic 1 Topic 2 Topic 3 

Jeu,jeux Day, finance Juego, nuevo Iphone 

Faire,j‘ai Win, watch Economia, 
gracias 

App 

Monde,faut Support, 
minister 

Millones, 
partido 

Download 

Soir,bonjur Work, donald Día, españa Text 

ans, demain Check, 
president 

Nueva, semana Install 

 

Fig. 2. Schematic diagram of Twitter-LDA Model 

 

 
Fig. 3. Variation of a user interest topic over different time 

range 
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all the values will be summed up and finally that will be divided 
by the maximum number of tweets tm about topic k]. Here we 
can see that ID 762 and 2900 have same number of tweets 
but due to the time difference, we get different interest rate for 
both the users. 
 

We also ranked the users according to the Topical Interest 
Score (that is who have the maximum interest about that topic 
in that time interval). We assumed one (1) as the highest rank. 
 
5.4 Result of Twitter LDA and Twitter Self LDA 
Finally, from our proposed equation of Topical interest score 
we saw the results using two methodologies: Twitter Self LDA 
and Twitter LDA. The topical interest score in Twitter LDA is  
summarized in Table 4 and topical interest score in Twitter self 
LDA is summarized in Table 5. In both cased, the users are 
tweeting about a fixed topic (Topic 7= Iran Election).   
 
 

From Table 4 and Table 5 we can see the number of tweets of 
a same user in Twitter Self LDA and Twitter LDA are not the 
same. Because Twitter LDA contains the tweets of the users 
himself/herself as well as the others. Thus, we can see that 
the interest rate of the same user is not same for Twitter LDA 
and Twitter Self LDA and so the rank of some users changed. 

6 CONCLUSION 
Through this research, we proposed two approaches to infer 
the user interest. We used the Twitter-LDA model and 
proposed an expression for measuring the Topical Interest 
Score of the users. The Twitter LDA model provided the most 
meaningful topic of user interest. Also, from the Self LDA 
model, we observed how users are influenced by the tweets of 
others. Our future plan is to improve the Twitter-LDA and 
explore the mysteries of the intentions of the users in social 
media. We believe that employment and implication of 
improved Twitter-LDA would be more effective way of finding 
user interests. We wish to perform investigation with other 
ways of inferring and tracking user interest. 
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