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Abstract. Twitter and LinkedIn are two popular networks each in its territory. 
Nowadays, people use both of them in order to update their social (Twitter) and 
professional (LinkedIn) life. However, an information overload problem, 
caused by the data provided from these two networks separately, troubled many 
users. Indeed, the main goal of this work is to provide personalized recommen-
dations that satisfy the user's expectations by exploiting the user generated  
content on Twitter and LinkedIn. We propose a method of recommending  
personalized tweet based on user's information from twitter and LinkedIn  
simultaneously. Our Final method considers two main elements: keywords  
extracted from Twitter and LinkedIn. Those extracted from Twitter are filtered 
by criteria such as hashtags, URL expansion and Tweets similarity. In order to 
evaluate our framework performance, we applied our system on a set of  
data collected from Twitter and LinkedIn. The experiments show that the pro-
posed categorization of the elements is successfully important and our method 
outperforms several baseline methods. 

Keywords: Twitter, LinkedIn, Tweet Recommendation, Content based,  
Personalization, Skills, and Interests. 

1 Introduction 

In recent years, Twitter has rapidly become a popular social information network. It is 
a microblogging platform where short posts are shared between several of users.  
Recent statistics show that more than 500M users generate more than 300M tweets 
every day. In other hand, LinkedIn is also a popular social network specialized in the 
professional user's life that significantly ahead of its competitors and its membership 
grows by approximately two new members every second. People use social networks 
not only to maintain social links with other people, but also for several other purpos-
es, as well as sending messages, chatting and gathering news URLs. However, Infor-
mation Retrieval Systems (IRS) faces new challenges due to the growth and diversity 
of available data. This huge quantity of information can be exploited and a lot of  
relevant data can be inferred to answer user's information needs in both social and 
professional life. In Twitter, the problem of overlapped content is observed when, 
some relevant tweets are flooded by other ones that might not interest the user at  
all and which oblige him to seek for the needed information by doing his own scan.  
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In addition, professional interests must not be forgotten, because it is also an impor-
tant factor to decide whether a tweet is useful or not. Profiling user's personal interests 
this way may be inaccurate and may not reflect the right user's future intensions. Be-
sides the user's own tweet and retweet history used by many researchers, there are 
many other kinds of available important information, such as "favorite statues" which 
is utilized for the very first time to improve the user modeling. In another direction, 
the user's professional life and his relations with his colleagues can also greatly influ-
ence his behavior. By adding LinkedIn as another source of information, recommen-
dations will perfectly satisfy the user expectations and facilitate the task of updating 
the news concerning his professional interests. In order to fully utilize such informa-
tion, we propose an egocentric user-based approach exploiting the user generated 
content extracted from two separate networks to capture personal interests. This me-
thod is a promising technology for recommender systems. The recommendation will 
be based on the observed user posts so that the unobserved user preferences can be 
inferred from it. In personalized tweet recommendation, tweets are regarded as a set 
of words, and the user's preferences are obtained by analyzing his interactions.  

Our approach exploit first, Twitter features such as tweets, retweet, favorite con-
tent, and LinkedIn skills mentioned explicitly by the user to capture his interests in 
order to create a combined profile which greatly represents his expectations. Then, we 
will exploit other features to create a tweet profile, composed by a bag of keywords, 
by combining several criteria such as hashtags, URL expansion and tweets similarity. 
The use of such features makes our model fully utilize the information mentioned on 
these two on line networks and do better personalize recommendations Indeed, the 
recommendation depends on measuring the similarity between the user profile and the 
tweet profile using the cosine formula. This paper is structured as follows: In Section 2, 
we survey the related works on personalized tweet recommendation. Section 3 introduc-
es the proposed model. We evaluate our framework in Section 4. Finally, we discuss our 
work and summarize conclusions and future works. 

2 Related Work 

2.1 User Personalization 

At first, user profile construction is either done in a static way, by gathering informa-
tion that hardly changes like name, age and so on, or in a dynamic way, by gathering 
data that frequently changes. User's data are obtained explicitly by the user himself or 
implicitly by observing his behavior and interactions during his session (history, 
clicks, pages visited, etc.). According to [18], the user profile contains information 
such as: 1) Basic information which refers to the name, age, address, etc. 2) Know-
ledge of the user which is extracted generally from his web page navigation. 3) Inter-
ests which are well-defined through a set of keywords. 4) Feedback which design 
collected information from user's activity and could be deduced from number of 
clicks and time allowed in consulting resource, etc. 5) Preferences which are characte-
ristics of user describing preferences in specific links or nodes, they could indicated 
preference in page style presentation, color, etc. [12] defined tags as the means  
by which users utilize for many purposes like: contributing and sharing, making an 
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opinion, making attention, etc. In [13], the authors discuss the tags usefulness and 
they conclude that, on the one hand it's used for guiding other users to have informa-
tion, and on the other hand to receive information about a user due to the history of 
tagging. [15] analyze the semantics of hashtags in more detail and reveal that tagging 
in Twitter rather used to join public discussions than organizing content for future 
retrieval. [17] have defined metrics to characterize hashtags respecting four dimen-
sions: frequency, specificity, consistency, and stability over time. [20] explored the 
retrieval of hashtags for recommendation and introduced a method which takes in 
consideration user interests to find hashtags that are often applied to posts related to 
this topic. [7] Presents an in-depth comparison of three measures of influence, in-
degree, re-tweets, and mentions, to identify and rank influential users. Based on these 
measures, they also investigate the dynamics of user influence across topics and time. 
Amalthaea, by [21], is one of many systems which create keyword profiles by extract-
ing keywords from Web pages. In fact, the profile is built using one keyword vector 
for each user and then it is compared to document's vectors using cosine similarity. 
WebMate by [16] represent user profiles using one keyword vector per user's interest. 
Twopics introduced by [19], which is an entity-based profiling approach, aims to 
discover the topics of interest for Twitter users by examining the entities they mention 
in their Tweets. Other researchers were interested in exploring in depth URL men-
tioned by the user. [1] Evaluated and showed that the URL expansion strategy achieve 
70-80% accuracy. Given the links between tweets and external sources, entities and 
topics extracted from articles, can be propagated to the corresponding tweets to fur-
ther contextualize and enhance the semantics of Twitter activities. In this approaches, 
the authors used only tweets as input to extract the user's topic profile. We suggest 
including more information such as Tweets, retweets and favorites, which will be 
taken into account in the detection of user interest. Generally, the main purpose  
of constructing user's profile in information systems is to adapt the user generated 
content to answer his expectations.  

To Insure a Relevant Profile Construction, We Must Cope with this Problem. The 
User Profile Evolution Consists Mainly of Apprehending Interest’s Change, and 
Propagating these Changes in the Profile's Representation  

2.2 Recommender Systems  

2.2.1  Content-Based Recommendation Systems 
[24] developed recommender systems that match user preferences (discovered from 
users profiles), with features extracted from locations (such as tags and categories), to 
make recommendations. Further recommendation systems provide a user with possi-
ble friends based on user’s interactions in several social networks [5] and [10]. Other 
authors use the user location histories that reveal preferences in the friend’s recom-
mendation process. Consequently, users with similar past locality have similar prefe-
rences and are more likely to become friends. A study on MySpace [2] reveals that 
user’s social connections are related to their geographical belonging. [3] analyze the 
rating data from Movie-Lens and finds that people at different places have diverse 
preferences. For instance, people who live in Minnesota are more interested in crime 
and war movies, whereas users from Florida are more concerned by fantasy and ani-
mation movies. To cope with this observation, [4] and [14] have proposed several 
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algorithms to increase the relevance of the search results. Content recommendations 
in Twitter aim at evaluating the importance of information for a given user and direct-
ing the user's attention to certain items. [8] focus on recommending URLs posted in 
Twitter messages and propose to structure the problem of content recommendations 
into three separate dimensions: discovering the source of content, modeling the inter-
ests of the users to rank content and exploiting the social network structure to adjust 
the ranking according to the general popularity of the items. 

2.2.2  Collaborative Filtering Recommendation Systems  
In [26] a real-time system for on-line web content using a collaborative filtering me-
thod was proposed to perform more varied and personalized recommendations within 
a geographical area. However [8] didn't investigate user modeling in detail, but 
represent users and their tweets by means of a bag of words, from which they remove 
stop-words. [6] assumes that most available music recommender systems are based on 
collaborative filtering methods; they recommend music to user by considering some 
other user's ratings for the same music pieces. This technique is quite widely utilized, 
including music shopping services like Amazon or iTunes. However, this recommen-
dation method suffers from the cold start problem. In the proposed approach, three 
major elements on Twitter are considered: tweet topic level factors, user social rela-
tion factors and explicit features such as authority of the publisher, and quality of the 
tweet. Collaborative filtering approaches exploit information about users who like 
similar items a long time ago. As discussed in [8], the only issue is that this kind of 
method obliges each news post to receive instantaneous feedback from numerous 
users before being recommended to other users. Some other systems rely on textual 
description of item that could be recommended, for instance, profiles that describe the 
user's interests regarding the items in the system. Finally, such systems require a 
means of measuring the compatibility between users and items in order to know 
which items to recommend to which users. Their results show that using learning to 
rank over three types of features helped to incorporate real-time web content while 
further improving the relevance ranking.  

2.3 Profiles Merging 

Several methods have been developed to construct the user's interests. Three  
approaches are commonly used [27]:  
 

• The direct approach: is to directly ask users what they like, for example, by 
listing all categories of interests and asking them to make selections.  

• The semi-direct approach: is to ask users to assign notes to items (e.g. 
products they have purchased) they have manipulated.  

• The indirect approach: is to get the user preferences from his friend’s 
votes, by collecting their past ratings concerning a given topic.  

 

[25] have shown that the accuracy of a user profile of a recommender system can be 
increased by integrating data from other recommender systems. As users often have 
accounts on different Web 2.0 platforms, the combination of user profiles from differ-
ent platforms might increase the quality of a user profile as well. [1] combined form-
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The numbers enclosed by the red circles represent the user's friend’s ratings or votes 
(Fig. 1). For the first item "Information Retrieval", 21 persons confirmed that the user 
is competent in this domain, 13 voted for the second one "Text Mining" and 8 persons 
confirmed that he is competent in "Natural Language". In our proposed user profiling 
method, these keywords will have different weights depending on the number of re-
views. It should be noted that all used criteria are normalized between 0 and 1.  
 

CIL(i) = W(U; i) * V (i)                       (1) 
 

Where CIL(i) is the weight of the selected user's interest (Obtained after calculating 
the TF), U represents the user and i is the extracted interest. It should be noted that we 
attributed more importance to this category of keywords, while they are explicitly 
mentioned by the user and approved by their friends. 

EgoTR coordinates input from various sources to enrich user profiles. In order to 
enhance personalization, we will exploit user generated content on Twitter by analyz-
ing his tweets, retweets and favorites. In which follows, we will detail the followed 
steps to enrich the user profile. This process involved the use of certain parameters, 
namely: keywords, hashtags and URLs. We aim to enrich Twitter posts by adding 
semantic to facilitate browsing the interests behind the user's posts. Furthermore, we 
retrieved the tweets that were mentioned explicitly by the user as favorite. Twitter 
users do not only generate contents by posting tweets, but also by sharing links to 
external resources that can refer to news articles, blogs, company Web pages, other 
social networks, etc.  

To find the words that best represent the semantic content of a tweet, we will use 
the TF.IDF function. It should be noted that we will attribute different weights to the 
chosen criteria, since they express different user interests. After performing several 
combinations using all the selected criteria, we give the formula 2 below which 
presents the linear combination of the most relevant criteria that we used from Twitter 
i.e. tweets, retweets, favorites that give the highest value. 

CITW(i) = αCIT (i) + βCIRT (i) + γCIFAV (i)                  (2) 

The parameters α, β, γ represent the correlation coefficients and their values will be 
further detailed in the next section: It should be noted that all used criteria are norma-
lized between 0 and 1. After performing the weighting step, a classification according 
to weight is performed. The user profile that is delivered by EgoTR describes users' 
characteristics like names, locations or date of birth as well as interests. 

2.4.2  Tweet Profile Construction  
Our solution is divided into two major steps:  
 

First, we filter tweets containing URLs and extracting keywords that require identifi-
cation of tweets with common text patterns. Then, once we obtain the URLs and the 
outputs of the extraction demarche, we abstract uniquely identifiable profile informa-
tion on the external service like: username or user id. Later, we link the user's Twitter 
profile to these external services. As a result, we extract keywords which will be con-
sidered as interests from the external sources, and as a gain access to more information 
about the user. Finally, we forward data embedded in URLs to the Twitter profiles.  
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URL Expansion: To further enrich the semantic of tweets, we implemented a strate-
gy that allows obtaining accurate information about the content of the URLs men-
tioned by the user. Twitter users do not only generate contents by posting tweets, but 
also by sharing links to external resources that can refer to news articles, blogs, com-
pany Web pages, other social networks, etc. We go in depth and examine the tags that 
contain URLs in order to infer information about the topic of a post and we assume 
that those topics are indicative to user's interests.  

Tweets Similarity: For a given tweet, we recover the tweets that are similar, and then 
we classify the results according to their relevance (by calculating the tweets similari-
ty between the obtained tweets and the initial one) to a specific interval of time. It 
allows taking into account the profile evolution over the time. The similarity between 
tweets is calculated using the function provided by Lucene. If we take two tweets, and 
we want to calculate their similarity we rely on sim(t,t').  

We denote the current tweet modeled as a vector t: 

                   

(3)

 

The Hashtags Use: In this step we integrate the use of the same hashtags in order to 
enrich the tweet's profile. We propose to find tweets that contain similar hashtags and 
expand the content by detecting the keywords that may be relevant.  

 

F(t) ൝   1 ݂݅ ݅݁ݏ݅ݓݎ݄݁ݐ݋         0                 ܮܴܷ ݊ܽ ݏ݊݅ܽݐ݊݋ܿ ݐ               
2.4.3  Merging User Profiles  
In this step, we are going to merge the interests previously extracted from both of 
Twitter and LinkedIn in a single new profile. According to [28], the interests express 
the level of user attention for a given item by analyzing past interactions. Twitter is 
known for the vast amount of information exchanged between users, which give us an 
accurate idea about the user. LinkedIn is a professional social network, where the user 
mentions relevant information related to his skills and related to their skills and pro-
fessional profile. In addition to these interests, we will take the votes of the user's 
friends into consideration. Seen the credibility of LinkedIn and the interest that gives 
the user who mentions expressly his skills, we will assign more weight to keywords 
that are part of this network than those extracted from Twitter. Consequently, we will 
fix α= 0, 4 and β= 0, 6: 

WF (i) = α CITW(i) + β CIL(i)            (4) 
 

WF expresses the final weight obtained after combining CITW which denotes the  
interest extracted from Twitter. CIL represents those retrieved from LinkedIn. 
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3 Tweets Recommendation Based on User Profile  

In our work, content-based recommendation is adopted while we rely on a textual 
description of the tweets and user's profiles that contains the user’s interests. Thus, we 
will measure the compatibility between user interests, that are extracted from their 
Twitter interactions and interests mentioned explicitly on LinkedIn, and tweets in 
order to know which ones are relevant and able to be recommended. To measure the 
compatibility, we use the cosine function which measures the user-tweet similarity.  

The cosine coefficient measures the cosine of the angle between the user profile in-
terests and the tweet profile keywords. It can be computed by normalizing the dot 
product of the two profiles with respect to their norms where Fti;u denotes the weight 
of a term in the user profile and Vti;d is its weight in the tweet profile.  

        

(5)

 
Content based Content based recommendations aim at evaluating the importance of 

information for a given user and directing the user's attention to certain items where 
tweets are regarded as items, and the preferences of users on the tweets are the corre-
lation between users and items. To recommend specific tweet i who is supposed to be 
the most attractive to the user, the system must find the relative position of the inter-
esting items within the total order of items for a specific user u. To this end, for each 
user, we aggregate his rankings in the test set by accumulating the weight of the item 
in order to produce a single total list. The items are again sorted in descending order 
of their accumulated frequencies. The main goal is to help users to discover new items 
of interest, therefore we add an additional restriction that the item to be recommended 
has to be novel for the user, and we remove from the suggestion list all occurrences of 
the pair (u; i). Finally, we generate a Top-10 recommendation list by selecting the 10 
items with the highest score.  

3.1 Experiments and Evaluations  

Dataset description: We systematically collected tweets through the Twitter API. We 
retrieved concretely the activity of 7236 users; these people published 31450 tweets, 
over a two-month period: 1 February, 2013-31 March, 2013 (inclusive). More specifi-
cally, we have extracted 20392 tweets, 6389 retweeted statues and 4669 favorites. 
More details of our dataset are presented in Table 1. We have also retrieved the name, 
surname, date of birth, occupation, skills and expertise, the votes of the user's friends 
relative to the 7236 users from LinkedIn through LinkedIn Profile API.  

In the following section, we describe the experiment run in the study to evaluate 
the performance of our approach. To improve the performance of the linear combina-
tion, that express the use of different criteria to construct the user profile based on 
Twitter interactions, we vary the parameters of the proposed equation that allows 
finding the values of the correlation coefficients α; β; γ that gives the best result.  

The formula is           
CITW(i) = α CIT (i)+β CIRT (i)+ γ CIFAV (i)       (6) 
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Retweeted Times: is an objective estimation of the popularity of a tweet. This rank-
ing strategy ignores personalization and assumes that the user's interests are the same 
as general publics. Profiling: This ranking strategy calculates the similarity between a 
tweet and the user's profile and shows the tweets sorted by similarity score. In com-
parison, the EgoTR model assimilates content based models by describing the infor-
mation as weighted keywords, and gives 0, 6852 MAP. Also, it takes advantages of 
retrieving interests from Twitter tags and explicit interests from LinkedIn.  

According to the previous results, we conclude that our proposed method made a 
great improvement to tweets recommendation performance. The result can be ex-
plained by the fact that the model includes more parameters to describe the personal 
interests and it is also explained by the terms contained in the profile of the tweet, 
which help detecting in detail the user's preferences. 

4 Discussion  

In this section we will discuss the results of P@n (n=1,3,5,10) and MAP on the test set.  
Chronological strategy gets 0,2287 MAP because, retweeting a status depends on user 
personal interests more than on the time of the post. The method of ranking by the 
number of retweeted times, performs poorly with 0,2865 MAP. This means that there 
is still a wide gap between personal interests and the focus of public attention, which 
indicates that personalization is very important on Twitter. The profiling method is a 
classic content based method and gives much better performance with 0,4538 MAP.  

Our personalized recommending tweets approach, takes advantage of content fil-
tering based recommendation by extracting contextual information from several on-
line social networks (Twitter and LinkedIn) and incorporating them in our system, our 
experiments prove that it is helpful for detecting personal interests. The evaluation of 
our experiments shows the effectiveness of our system regarding problems previously 
addresses in the first section. The outcome of the described experiments clearly shows 
the benefits of our EgoTR. Our goal is to prove the importance of our contribution 
based on extracting useful information from several user profiles. The experiments 
proved that we got advantage of the term frequency because it reflects how often the 
user used a term. Second, we noticed that it is important to combine explicit and im-
plicit information mentioned by the user.  

The chosen feature combination (tweet, retweet and favorites) allows us proving 
the effectiveness of our system regarding problems addresses in this proposition. 
Another point we analyzed during our experiments was the user's activities. In fact, 
the results show that the more the user interacts with the social systems (Twitter), the 
more terms our system collects and the more relevant items the profile contains. Con-
sequently, the system allows constructing a rich profile that helps performing a more 
accurate and targeted personalized tweet recommendation. Thus, we deduced that the 
use of heterogeneous social annotations, from several sources, provides accurate in-
formation for modeling the user profile. Finally, by comparing our system with three 
baseline systems (Chronological strategy, Retweet strategy and the Profiling strategy), 
the results reveal the efficiency of our EgoTR approach. We deduce that, according to 
evaluation metrics Precision and the Mean Average Precision (MAP), our system 
performs better results.  
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5 Conclusion and Future Work  

In this paper, we have introduced EgoTR, a framework for modeling, enriching, and 
recommending useful tweets exploiting data available on social networks. Currently, 
we investigate the extraction of user generated content from both Twitter and Linke-
dIn that model the users' interests and evaluate them in the context of recommending 
relevant tweets. We have conduct experiments in the extraction of user data that mod-
el his interests. In this work, we rely specifically on Twitter interactions i.e tweets, 
retweets and favorite statues, then on LinkedIn by analyzing the user mentioned 
skills. The future directions of this work will focus on gathering data from more than 
two sources by exploiting other social networks reflecting the user interests and ex-
pertise such as CiteULike and dbpedia. We can also provide an opportunity for the 
user to interact with our system by asking questions that may reflect its interests and 
their evolutions. 
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