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Abstract. Information overload has increased due to social network website use 
in recent times. Social media has increased the popularity of websites such as 
Twitter. It is believed that a rich environment is provided through Twitter 
whereby information sharing will be able to aid in recommender system research. 
This paper will focus upon Twitter user modeling through the utilization of indi-
rect explicit relationships that exist amongst users. The further aim of this paper 
is to ensure that personal profiles are built via the use of information that will be 
sourced from Twitter so as to provide recommendations that are more accurate. 
The proposed method adopts Twitter user’s indirect explicit relationships in order 
to get information which is vital in the process of building personal user profiles. 
The proposed method has been validated through the implementation of an of-
fline evaluation using real data. Proposed user profiles’ performances have been 
compared with each other and against the baseline profile. The performance of 
this has been validated using real data and is both practical and effective. 

Keywords: Recommender systems, User modeling, User profiling, Explicit re-
lationships, Twitter. 

1 Introduction 

Real-time web is rising as a technology or platform that enables users to share infor-
mation and communicate in different contexts like Twitter, which is one of the most 
popular micro-blogging platforms today [16]. It is used by millions of people around 
the world. Through this platform, users are able to share short messages, up to 280 
characters in length, referred to as tweets [16]. It is a very popular means of sharing 
information as well as effectively reaching a wide audience. It can also be considered 
as a distinctive shaper of social network platforms because it presents relationships be-
tween users based on a review strategy. This platform makes it very different in com-
parison to other reciprocal social networking platforms such as Facebook. Relation-
ships between Twitter users can either be informational (i.e., reading news) or social 
(i.e., interacting with friends). Also, users can follow other users in order to receive 
informational posts [1]. The features of Twitter make it useful as a major source for the 



modeling of users involved in networks characterized by interactions and relationships 
[1, 17]. 

Researchers in [1] have demonstrated that Twitter is an important resource in regard 
to recommender systems, which are a powerful and integral part of the web as well as 
mobile applications. Such systems do have a primary objective, which is to ensure that 
context-aware, personalized, and real-time information is provided in order to raise 
sales as well as user satisfaction. Numerous researchers have exploited Twitter for mod-
eling users, building user profiles, and recommending items in an accurate way such as 
building a profile based upon user tweets to recommend useful news. The usual way of 
building such a profile lacks up-to-date information about users’ interests. The authors 
in [4] have solved this problem by using friends’ recent tweets to enhance the user’s 
profile with up-to-date information.  

This paper is focused on modeling Twitter users through the exploitation of relation-
ships with the aim of enhancing recommendations in the recommender systems. It is an 
extension of the previous work of the researchers of this paper [4] which was focused 
on direct explicit relationships (friends’ accounts only), whereas this paper focuses on 
indirect explicit relationships. Indirect explicit relationships contain accounts that the 
user receives in their tweets from outside the friends list, such as friends of friends. 
Proposed profiles will contain tweets from these accounts for a period of 2 weeks 
(short-term profiles) to make sure that profiles contain recent activity that reflects users’ 
interests. The methodology will contain a user profile designed or built from accounts 
that are outside the user’s friends list. The proposed model makes use of the influence 
rule put forth in the authors’ previous work [4], which will be explained generally in 
the following section. The influence rule will be used for the identification of influential 
friends. Therefore, their tweets will be used in the building of the user profile via an 
examination of each tweet received within the last two weeks (short-term). In light of 
the presented methodology, the following suppositions are made: 

• We propose a method that builds user profiles from the tweets of accounts that have 
indirect explicit relationships with the user. 

• The proposed method has been experimentally evaluated using a real dataset, well-
known metrics, and against a baseline; thus, the recommendations delivered are 
more accurate compared to the baseline. 

The rest of the paper is constructed as follows: Section 2 delivers the related work, 
section 3 presents the proposed method, section 4 explains the experimental evaluation 
and section 5 contains the conclusions. 

2 Related work 

A method proposed by the authors in [11] was utilized so that a recommender system 
is designed based on tweets from Twitter to ensure that the accuracy of recommended 
news articles is improved. In order to build the user profile, the nouns were extracted 
from the user’s tweets as well as retweets. The results indicated that the recommenda-
tions (Twitter activity-based) seem to be more accurate when compared to random 



recommendations. The authors in [8] also proposed TRUPI system that combined the 
user’s tweets history with social features. Also, the system tried to identify the dynamic 
interest of the user on various topics and to measure how the interest of the user will 
change over a given period of time.  

Temporal dynamics (in profiles of Twitter) were analysed by the researchers in [1] 
to understand personalized recommendations. The profiles that they built were based 
on entities (celebrities and places) and hashtags. Variables that were taken into consid-
eration are enrichments (use of external resources like Wikipedia) and user's activity. 
Results revealed that entity-based profiles, which were built through the use of short-
term time (recent activities) as well as enrichment, perform much better compared to 
other profile types. However, there is a problem in that a number of users lack sufficient 
data to enable the creation of reliable user profiles. In the research of [12], the authors 
identified that applying a decay function on long-term profiles, which gives more 
weight value to recent or newer topics than older topics of interests, showed much better 
performance in delivering recommendations when compared to long-term profiles not 
using this function. Also, the researchers in [2] have previously shown that short-term 
profiles are superior to complete profiles. 

A major solution can be enacted through the enrichment of a user profile with other 
data. Twitter user profiles were modeled by the authors in the study of [2] using various 
dimensions. Each of their qualities was compared, including the enrichment dimension. 
The outcomes indicated that utilizing external resources, news articles for instance, 
seem to be much better than compared to reliance only on Twitter data. 

User profile enrichment has been carried out in various ways. These can be done 
using textual external resources or by exploiting tweets’ URLs. Through the exploita-
tion URLs from tweets, a Cat stream system was proposed by [9] which used traditional 
classification techniques in profiling users of Twitter. It concentrated only on URLs 
attached in tweets. However, this system is not appropriate for users who do not provide 
a sufficient number of tweets that contain URLs. A group of tweets was categorised by 
the authors in [3] as interesting or uninteresting. This categorisation was done through 
the use of crowd sourcing. This method showed that a URL link’s existence is a feature 
which is successful when it comes to the selection of high accuracy interesting tweets. 
This factor has its own shortcoming, in that it may classify a tweet incorrectly when 
linked with un-useful content. Also, users normally do not post enough URLs in their 
tweets [10]. 

In regard to the external resources technique, it has been shown by [1, 9] that profiles 
that included external resources outperformed those profiles which were built using just 
Twitter activity. As a result, there is an adequate supply of user profiles with more 
information, which can lead to an improvement in the recommender system accuracy. 
However, there is data gathered from external resources that will not be relevant to the 
interest of the user. This can negatively affect the recommender system’s performance. 

The relationship which exists amongst Twitter users is a field that is yet to be studied. 
Such research can help to ensure that a user is characterized, thereby improving the 
recommender system’s performance based on profiles enriched by the tweets of others 
who participate in these relationships. It is very clear that any single user who tends to 
produce short-text data (retweets and tweets) can be modelled based on his behaviour 



and history through a collection of historical data (also known as timeline) that has been 
generated by the user himself. However, in order to provide enough information for 
building profiles, such a method needs a design system that reaches deeper into the past 
for data collection. Moreover, the collected information might be too out of date to be 
used in profiling as users’ interests change. Also, the recent activities of most users do 
not have sufficient data or URL data to enrich their profiles from them. To address the 
problem of data shortage, the authors in [4] showed that direct explicit links between 
users should be used for the purpose of enriching the user profile. This finding will help 
expand the recent activities that are relevant. This method has an advantage, which is 
that profiles are built from activities that are more recent. Through this method, the 
recommender system’s performance, which is based on these tweets, will be improved. 
This paper continues the exploration of these links between users within a network to 
improve the profile through exploiting indirect explicit relationships. 

In order for the following links to be exploited, influential users will be gleaned from 
the user’s friends of friends. The majority of research focuses on the influence of a 
particular user, which is based on that users popularity. This rate is indicated by the 
number of friends and followers of the user. How a user’s interaction with others serves 
as an influence was also clarified in previous researches [5, 6, 7, 18]. Additionally, 
various Twitter influence measures were collected as well as classified from the litera-
ture in [13]. These studies explained that trying to deem someone as influential in a 
social network is a conceptual problem. They further stated that there is no agreement 
regarding who or what is an influential user. Subsequently, the authors in [4] argued 
that there is a need for creating a method which will be able to generate or produce an 
influence score based on the perspective of the normal user in relation to his or her 
interaction and behaviour. Their proposed influence score was higher when it identified 
influential friends of the user and then utilized those friends as a valuable source for 
building the user profile. As a result, more accurate recommendations were delivered. 

3 Proposed Methodology 

Generally, the recommender system consists of two phases: (1) user profiling and (2) 
item ranking. User profiles here are constructed as an extended version of our previous 
work [4]. Moreover, more resources will be identified through the indirect explicit re-
lationships. The user’s tweets will then be extracted and added to the profile. After that, 
and based on the user profile, recommendation items are ranked. 

The general framework of our proposed approach is shown in Figure 1. By using the 
Twitter API, the user’s data is collected and then processed in order to identify influ-
ential friends and build the primary profile (STBLCinf) based on important keywords 
written by the user and his friends. This step is the basic idea in the previous work [4], 
and the proposed profiles in this approach will be an extended version of the STBLCinf 
profile. The steps of each phase will be explained in detail in the following subsections. 



 
Fig. 1.   The main stages of the proposed approach. 

3.1 User Profiling 

In this phase and in general, tweets that are posted by other users, those who have ex-
plicit relationships with the user (i.e., friends), are used in building the profiles. All 
profiles are built and represented by keywords (bag of words), while pre-processing is 
applied in order to filter tweets by extracting only important content. Tweets posted and 
re-tweeted by the user shows the user’s interests. On the other hand, tweets received 
and collected via explicit relationships through the following of links require examina-
tion and classification in order to include them in the profiles. 

In our previous work [4], the proposed influence score algorithm was able to identify 
the influential friends of the user and their tweets within a brief time, which are used in 
building the profile (STBLCinf profile). By exploiting the indirect explicit relation-
ships, two different sources were used in this paper to build the user profile from namely 
influential friends of influential friends and accounts of travelling tweets. These profiles 
will be an extended version of the STBLCinf profile. 

In inf of inf source and for each user in dataset, the timeline tweets, favourited tweets, 
and friends list are collected for each influential user in the friends list. Additionally, 
this information is collected for each influential friend. Then, the influence score is 
computed between the user and his friends in order to rank his friends based on their 
influence score and to identify those that are influential. Next, friends are clustered into 
three categories based on the K-means algorithm: influential, less influential, and non-
influential friends. The tweets of influential friends will be added to the profile. While 
the tweets of non-influential friends will be excluded. Tweets of less influential friends 
will be classified into representative (re-tweetable) or not representative (not re-
tweetable). As in our previous work in [4], the trained classifier that has the highest 
accuracy in the training set, and was used to classify tweets before, is used here to 
classify the tweets of less influential friends. Furthermore, various classifiers were used 
in training the labelled dataset that is built from the user’s tweets. Thus, the tweets 
classified as representative (re-tweetable) are added to the tweets in the profile. 



 
 Algorithm 1. The steps of building the inf of inf profile  
1: 

2: 

3: 

4: 

5: 

6: 

7: 

8: 

9: 

10: 

11: 

12: 

13: 

14: 

15: 

Start with user 

Get influential friends of user 

For each influential friend 

 Collect timeline tweets, favourite tweets and friends list 

 Calculate influence score between him and his friends 

Cluster friends list based on influences score with K-means 

Collect short-term tweets of influential and less influential 

IF tweet is from “influential” 

 Store to the user profile 

ELSE 

 Classify tweet 

 IF tweet is classified as re-tweetable 

  Store tweet in user profile 

 ELSE 

   Exclude tweet 
 
In the second source, travelling tweets accounts (TTA) are identified. This is done by 
extracting the accounts that appeared in the user timeline but are not in the user’s friends 
list. Moreover, the user showed some interests by re-tweeting their tweets. After that, 
tweets from these accounts are collected within brief timespan. The same classifier is 
used here for classifying tweets into representative (re-tweetable) or not representative 
(not re-tweetable). The former tweets will be included in the user profile. By the end of 
this stage, three profiles are built in order to measure their efficiency in the recom-
mender system, which are: inf of Inf, TTA, and the mixed profile (inf of inf + TTA). 

 
 Algorithm 2. The steps of building the TTA profile  
1: 

2: 

3: 

4: 

5: 

6: 

7: 

8: 

9: 

10: 

Start with user 

Extract accounts from the timeline 

For account in accounts: 

IF account is not in Friends list: 

Collect short-term tweets 

Classify tweets 

IF tweet is classified as re-tweetable: 

 Store tweet in user profile 

ELSE 

 Exclude tweet 

 

3.2 Items Ranking 

Recommendation items in this stage will be represented by those tweets which the user 
has shown interest in by retweeting. The model which will be used is Vector space 



representation since it will take recommendation items and the user profile as vectors. 
The angle which exists between them will then be computed. 

In order to rank the various groups of tweets, user profiles that have been developed 
as explained in the former subsection will be used. All tweets inside the recommenda-
tion items will need to be evaluated based on how similar they are to user’s profiles. 
Tweets will be excluded whenever the text contains less than 3 words. Lastly, the sim-
ilarity score is computed through cosine similarity equation. Therefore, every recom-
mendation item is ranked, and then the recommendation tweets are delivered to user. 

4 Experimental Evaluation 

For our proposed method’s advantages to be validated, there is the implementation of 
the tweets recommender system. There was also the performing of the offline evalua-
tion using some users. By using Twitter API, which can be found on the website’s de-
velopment section, the timelines of 40 users chosen at random were collected and ex-
amined. The dataset, which contains the 40 users, is balanced in terms of activity (active 
and less active users) and engagement (tweeters and re-tweeters). In the recommenda-
tion items, test tweets are collected from the user’s timelines based on actions of inter-
ests that the user showed via re-tweeting. The following section explains the mecha-
nism of collecting test tweets. 

4.1 Experiment Setup 

When the information is collected from the examined user’s timeline, the dataset is split 
into three-time frames as it was done in previous work [4]. 

The tweets that are in the first timeframe (the last 2 weeks) will be used as test items 
(test tweets). The tweets that are from the second timeframe (between 2 and 4 weeks 
prior) will be used in building profiles from the mentioned resources. The third 
timeframe (more than 4 weeks prior) will be used alongside the second timeframe for 
computing the influence score generated from the influential friends’ timelines. Addi-
tionally, information gathered from the timeline of the user during the set timeframe 
will be used in the machine learning classifiers. 

Profiles: In this experiment, three profiles will be built, compared against each other, 
and compared against the profile created in the previous research [4] of the authors. All 
profiles were built within short-time frame. The profiles are: 

• The influential tweets of friends (STBLCinf): This profile includes the timeline 
tweets, influential tweets, and less influential tweets that are classified as representa-
tive (re-tweetable). This profile is considered as the basis of our proposed method 
because the other profiles are extended versions of this one. 

• Influential of influential (inf of inf): This profile includes all tweets from STBLCinf, 
tweets of influential friends of influential friends, and those classified as less influ-
ential friends of influential friends’ tweets, which are considered as representative. 



• Travelling Tweets Accounts (TTA): This profile contains all tweets from STBLCinf 
and the tweets from accounts of travelling tweets that are classified as representative. 

• Mixed profile (inf of inf + TTA): this profile contains tweets of STBLCinf, inf of 
inf, and TTA. 

Test tweets: will be used for evaluating how accurate the recommender system is based 
on each proposed profile. They are collected from the first timeframe (the last 2 weeks) 
as clarified previously, and they will be utilized as recommendation items. Each tweet 
in the test tweets can be relevant or non-relevant. Relevant tweets are tweets that the 
user re-tweeted whereas the non-relevant tweets are tweets that the user did not show 
interest in by retweeting. 

Evaluation metrics: Offline evaluation has been used in measuring the accuracy of the 
recommender system using various profiles [15]. The built user profiles will be plugged 
into the same recommender system with the same test tweets in order to compare their 
performance. The metrics used in this study for measuring the system's performance 
accuracy are average of precision @k (P@k), average precision (AP), and mean aver-
age precision (MAP) [14]. Average of precision is used in measuring how good the 
system is in retrieving relevant items @k, and MAP is used in measuring how useful 
the system is for retrieving all items that are relevant in a good order. P@k is the amount 
of correct recommendations in the top-n list of recommendations and is defined in equa-
tion 1. AP is defined in equation 2 where p(k) is the precision @k and rel(k) is an 
indicator counting as 1 when the item is relevant or zero. Moreover, items not retrieved, 
but considered relevant, receive a score of zero. Lastly, MAP, which is defined in equa-
tion 3, has Q being a query and the equation returning the mean of the average precision 
scores for a set of queries. 
 

𝑃@𝑘 =	
𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡	𝑟𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑒𝑑	𝑖𝑡𝑒𝑚𝑠
𝑡𝑜𝑡𝑎𝑙	𝑟𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑒𝑑	𝑖𝑡𝑒𝑚𝑠  (1) 

𝐴𝑃 =	
∑ (𝑝(𝑘) ∗ 𝑟𝑒𝑙(𝑘))9
:;<

𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡	𝑟𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑎𝑡𝑖𝑜𝑛𝑠 (2) 

𝑀𝐴𝑃 =	
∑ 𝐴𝑃(𝑞)B
C;<

𝑄  (3) 

4.2 Results 

In this subsection, the profiles that were built from tweets, and derive from different 
resources of the indirect explicit relationships of the examined user, will be compared 
against each other and the profile mentioned from the previous research in [4], which 
is the STBLCinf. The purpose of this step is to be able to determine which profile per-
forms better and to ascertain the required scope for collecting relative tweets. Results 



from this stage have already been presented in the previously mentioned research. The 
tested values of k are from 1 to 10. In the metrics of the P@top-k recommendations, 
when the TTA and Inf of Inf were compared, the results show that the Inf of Inf profile 
outperformed the TTA profile in all P@top-10 recommendations. When both were 
compared to the mixed profile, which is TTA + Inf of Inf, results showed that the Inf 
of Inf profile outperformed the others 9 times in the top 10 recommendations. In con-
trast, the performance of the mixed profile was better than the TTA profile because it 
achieved a higher AP value 5 times at k = 1, 3, 8, 9 and 10. Moreover, the TTA profile 
achieved a higher AP value in only 3 instances. When all the profiles were compared 
against the baseline, which is STBLCinf, the results showed that the Inf of Inf profile 
performed better than other profiles, especially STBLCinf. In contrast, its performance 
was better in 5 of the top 10 recommendations whereas the STBLCinf was better 3 
times. (See Figure 2a). 

  
(a) Average of Precision @k (P@k)                   (b) Mean Average Precision (MAP) 

Fig. 2. Average of precision @k from 1 to 10 and the Mean average precision (MAP) of the 
profiles. 

In the metric of MAP, the profiles were compared in order to see their overall perfor-
mance in recommending all relative items. The results showed that the TTA profile 
achieved a higher MAP value than the Inf of Inf profile by 0.2%. The mixed profile 
achieved less MAP value than the TTA by 0.6% and less than the Inf of Inf by 0.4%. 
On the other side, the STBLCinf performance was compared to the profiles, and the 
results showed that it performed better than the TTA, Inf of Inf, and the mixed profile 
by 1%, 1.2%, and 1.6% respectively. (See Figure 2b). 

4.2.1. Dividing dataset based on activity: 
The dataset is divided based on activity in order to see deeper analysis and to understand 
the results in an advanced way. The activity (engagement) of each user was computed 
using the equation below proposed by [16], which calculates how active a user has been 
on Twitter since joining. 

            𝐸𝑛𝑔𝑎𝑔𝑒𝑚𝑒𝑛𝑡	(𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑦) = 	 HIJJKLMNJKIJJKLMNJOPQJLMRSTUVWQKJ
XYYUV9K_X[J

  (4) 
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After calculating the activity, users in the dataset are ranked in ascending order based 
upon their activity scores. Then, they are divided into active and less active, each divi-
sion having 20 users. In the less active user group, and using the metric of P@top-10 
recommendations, Figure 3a shows that the Inf of Inf profile outperformed the TTA 
and the TTA + Inf of Inf profiles 9 out of 10 recommendations. In comparison to the 
STBLCinf profile, the Inf of Inf profile achieved a higher AP value in 3 instance 
whereas the former achieved a better performance score in 4 instances. In comparison, 
the mixed profile was slightly better than the TTA profile in delivering related items in 
the top 10 recommendations. Also, both profiles achieved the lowest performance. In 
the MAP metric, the result was similar to the general evaluation before the dataset was 
divided. It showed that the profiles TTA, Inf of Inf, and TTA + Inf of Inf achieved a 
lower MAP value than the STBLCinf by 1.6%, 2.6%, and 3.1% respectively. (See Fig-
ure 3b). 

  

(a) Average of Precision @k (P@k)                   (b) Mean Average Precision (MAP) 

Fig. 3. Average of precision @k=1-10 and the Mean average precision of the profiles of less 
active users in the dataset. 

In the Active user group, the results clarified that the Inf of Inf profile outperformed all 
other profiles in 4 instances (See: Figure 4a). Surprisingly, the STBLCinf profile did 
not outperform all the profiles in any of the k values. The TTA profile achieved the 
lowest AP in 4 instances. When the top 10 recommendations were delivered, results 
proved that the Inf of Inf profile was able to deliver related recommendations to the 
active users more accurately than the other profiles. In the MAP metric, surprisingly, 
the Inf of Inf profile achieved the highest value. Moreover, it was better than the 
STBLCinf. However, the TTA and TTA + Inf of Inf profiles achieved lower MAP val-
ues. This may prove that the Inf of Inf profile is more suitable for the active users than 
the less active users. (See Figure 4b). 
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(a) Average of Precision @k (P@k)                          (b) Mean Average Precision (MAP) 

Fig. 4. P@k=1-10 and MAP of the profiles of active users in the dataset. 

5 Conclusion 

In conclusion, this research proposed a new technique for building a user’s profile based 
on exploiting the Twitter explicit links structure with the aim of improving the perfor-
mance of recommender systems that are based on tweets. This innovative profile takes 
advantage of the links between a user and his or her friends in order to gather a tweets 
set within a brief timeframe and to utilize them in profile building. Moreover, the rede-
fined influence rule in our previous work helped us to cluster friends of influential 
friends into three categories: influential, less influential, and non-influential. Conse-
quently, tweets of influential users were added directly to the profile while tweets of 
non-influential users were excluded. Tweets of less influential users were classified, 
and the re-tweetable tweets were included in the created profile. An offline evaluation 
experiment was done by using a tweets-recommender system, which was used to vali-
date the effectiveness of this proposed technique. Its effectiveness has been shown by 
comparing and testing it against the baseline profile built from the direct explicit rela-
tionships (STBLCinf). Therefore, the profile developed through proposed method was 
able to outperform the other profiles in recommending the top 10 recommendations. 
Also, it was the best performing profile with active users. In future work, more explo-
ration can be done to discover through the use of explicit relationships more relation-
ship types that exist among a user and his or her friends. Additionally, we would like 
to further investigate the similarity that is exists between a user and his or her followers 
in order to extend the tweets set that forms the interests of the user. 
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