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Abstract. The social graphs of Twitter users often overlap, such that retweets 
may cause duplicate posts is a user's incoming stream of tweets. Hence, it is 
important for the retweets to strike the balance between sharing information and 
flooding the recipients with redundant tweets. In this work, we present an ex-
ploratory analysis that assesses the degree of duplication caused by a set of real 
retweets. The results of the analysis show that although the overall duplication 
is not severe, high degree of duplication is caused by tweets of users with a 
small number of followers, which are retweeted by users with a small number 
of followers. We discuss the limitations of this work and propose several en-
hancements that we intend to pursue in the future.  

1 Introduction 

The graphs of social network users represent the links established between the users. 
The entire graph can be decomposed into ego-graphs [9], representing the perspective 
of a single user on the network and containing only the links between the user and 
other users. In Twitter, user links are established through the 'Follow' feature, such 
that users have a set of users whom they follow (dubbed as followees) and a set of 
users who follow them (dubbed as followers). Previous works have shown that Twit-
ter graph is a small-world network, i.e., most users can be reached within a small 
number of network hops [7]. As such, the degree of overlap between the ego-graphs 
of two users who established a link between them is high, and it increases over time, 
as users establish more links and their ego-graphs expand. This phenomenon is ex-
plained by the observed homophily of users: people often have mutual acquaintances 
and connect to like-minded people with similar interests [10]. 

Two popular ways of public communication in Twitter are to tweet, i.e., post new 
tweets to followers, and to retweet, i.e., re-post tweets from followees to followers. 
No official statistics of the number of followers of an average Twitter user are availa-
ble. However, a 2009 data based on 56 million accounts, shows an average of 557 
followers [1]. A 2012 dataset based on 80 million accounts that tweeted at least once, 
shows an average of 235 followers [2]. The expansion of the ego-graphs and the ab-
undance of tweets/retweets may pose a significant information overload on the users. 
Furthermore, the high overlap between the ego-graphs of two linked users can poten-
tially lead to a duplication of tweets reaching a user, as they may receive a tweet as 
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well as the retweets of the same tweet through a number of users. For example, con-
sider three users – Alice, Bob, and Carol – such that Bob follows Alice, and Carol 
follows both Alice and Bob. In this setting, Alice's tweets will be duplicated in Carol's 
incoming stream, if retweeted by Bob. This may aggravate the information overload 
problem and make it even harder for users to identify tweets of interest and stay in-
formed.  

While the reasons for tweeting have been thoroughly studied [7,11], to the best of 
our knowledge the reasons for retweeting have received little attention so far. In [4], 
Boyd et al. survey the key motivating factors for retweeting, which can be split into 
three groups. The first includes informative factors, such as the desire to spread a 
tweet to followers because it matches their interests, will entertain them, or will make 
them aware of the tweet's topic. The second groups refers to emotional factors, such 
as endorsing the opinion expressed in the tweet, appealing to the user who posted the 
tweet, or trying to gain benefit from a tweet that might become popular. Finally, the 
last group includes utility factors, which virtually come to bookmark tweets of relev-
ance. It should be noted that many emotional and utility factors can be fulfilled by 
other Twitter features, e.g., the 'Favorite' and the 'Reply' features.  

As in many information sharing scenarios, retweets ought to strike the balance be-
tween the information need and the information overload (an example of how to aim 
for that balance in social news feeds is given at [3]). Although the value of the emo-
tional and utility factors can hardly be quantified, the degree of duplication (as a 
proxy for information overload) caused by a retweet can be assessed and it can poten-
tially affect the value of the informative motivating factor. For example, users may 
refrain from retweeting a tweet that has already been received by most of their fol-
lowers or, conversely, be urged to retweet a tweet that a few followers have received 
so far. However, at the moment, Twitter users have no means for assessing the redun-
dancy caused by their retweets.  

Aiming to develop these means in the future, we present here an exploratory analy-
sis of the degree of duplication created by more than 1000 real-life retweets. We 
computed the duplication caused by these tweets and found that, overall, 20% of 
Tweets caused duplicate posts for 20% or more of the recipients. The duplication 
depends on the number of followers of both the user who posted the original tweet 
and the user who retweeted it. We also discuss several interfaces that can communi-
cate the duplication to users and potentially affect their retweeting decision.  

2 Related Work 

The problem of overlaps in social graphs and their effect on information propagation 
was examined by Boyd et al. [4], who focused on the retweeting phenomenon. It was 
noted that when Twitter users retweet posts, there may be an overlap between their 
followers and the followers of the user who posted the original tweet, but the retwee-
ters are unlikely to be aware of this overlap. They also refer to a note made in [6] that 
in small-worlds, where people connect to each other seamlessly, the effort required 
for keeping tracks of who knows whom (or who follows whom) is immense.  
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Other works focused on various aspects of retweets, but provided possible explana-
tions for the presence of overlaps in social graphs. For example, [10] evaluated sever-
al recency-, content-, and homophily-based computational models of retweeting. It 
was found that models that take user homophily into account, fit the observed ret-
weeting behavior better than others. Besides being one of the key drivers for retweet-
ing, homophily is also pivotal for establishing the follower/followee links [8,12]. In 
combination, these findings provide a strong evidence that user homophily may lead 
to a potential duplication of tweets. However, there is little evidence for the impact of 
the social graph overlaps on the duplication, which is the focus of this work.  

3 Analysis of Overlapping Retweets 

In this section we present an analysis of the overlap caused by post retweets on Twit-
ter. Let us denote by O the user who posted the original tweet and by R the user who 
reposted the tweet. We consider the ego-graphs of Twitter users and denote by fr(u) 
and fe(u) the set of followers and followees of user u, respectively. Finally, we denote 
by |s| the cardinality of a set s. Given this notation, we quantify the degree of duplica-
tion caused by R retweeting a tweet posted by O as: ܱܮሺܱ, ܴሻ ൌ ሺܱሻݎ݂| ת |ሺܴሻݎ݂| |ሺܴሻݎ݂  

Note that the intersection of the two sets of followers is divided by the cardinality of 
the set of followers of R, in order to stress the duplications caused by R's retweets. 

In order to assess the overlap caused by retweets in the wild, we gathered in Sep-
tember 2012 a set of 1030 real-life retweets, as well as the ego-graphs of O and R for 
each. The data contains tweets posted by 1000 and retweeted by 1029 unique users. 
High-level statistics of the sets of followers1 and their overlaps are shown in Table 1. 
Also, Figure 1-left shows the distribution of the OL(O,R) values across the collected 
retweets. Although most retweets have a low overlap, it can be seen that for 20% of 
them (205 retweets) there is an overlap of 20% or more between the followers of O 
and R. The distribution of overlap frequencies fits the long tail distribution. 

Table 1. Followers and overlap statistics 

|fr(O)| |fr(R)| OL(O,R)
Minimum 4 0 0%
25th percentile 378 90 1%
Median 2,346 201 6%
Mean 210,492 986 11%
75th percentile 52,902 489.75 16%
Maximum 9,175,388 206,535 100%

 

                                                           
1 The difference between the mean and median of |fr(O)| is due to 60 retweets for posts of users 

who had more than a million followers each. 
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Since the number of followers distributes normally neither for O nor for R, we drill 
down to analyze how OL(O,R) varies across different users. For this, we split all the 
collected retweets into two equal-size bins of 515 retweets each, according to |fr(O)| 
and |fr(R)|. For the O-split we sort the collected retweets according to the number of 
O's followers, such that 515 retweets where |fr(O)|≤2342 are considered as tweets of 
users with a low number of followers and the other 515 retweets where |fr(O)|>2342 
are of users with a high number of followers. We repeat the same process for the R-
split: 515 retweets where |fr(R)|≤115 are mapped to the bin of retweeters with a low 
number of followers and the other 515 to the bin with a high number of followers. 
Note that the cut-off point of the O-split is much greater than that of the R-split. This 
is due to the unbalanced distribution of retweets, which are often done to influential 
users and VIPs, and are less frequent for those using Twitter for everyday chat [4].   

 

 

Fig. 1. Left – overall frequency of OL(O,R) and right – heat map of OL(O,R) for the combina-
tions of O- and R-split 

Figure 2 plots the cumulative distribution function (CDF) of OL(O,R) obtained for 
the 'low' and 'high' bins for the O-split (left) and R-split (right). We observe that most 
retweets have a small number of users who receive duplicate tweets and only a small 
number of retweets causes duplication for a high portion of recipients. For the O-split, 
about 16% of retweets of users in the 'high' bin cause duplication for 20% of users of 
more, whereas in the 'low' bin this ratio stands at about 25%. This gap between the 
two CDFs functions is lower for the R-split; about 18% of retweets in the 'high' bin 
cause duplication for 20% of users of more, whereas in the 'low' bin this ratio is about 
22%. However, in both splits we observe the same trend: the duplication caused by 
retweets in the 'Low' bin exceeds the one in the 'High' bin. That is, retweets of users 
having a small number of followers cause more duplication than retweets of users 
having a large number of followers. This finding can be explained by the higher ho-
mophily observed for small communities [10]. Indeed, the larger a community of 
users is, the harder it is to maintain a high degree of similarity of users across the 
community. In case of followers, one intuitive argument supporting this is that for 
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which will take into account the structure of the followers' ego-graphs as well as the 
strength of the links between the retweeters and their followers. This study is neces-
sary to ascertain the uptake of the retweeting decision support tool by real users. 
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