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ABSTRACT
The ever-increasing amount of information flowing through
Social Media forces the members of these networks to com-
pete for attention and influence by relying on other people
to spread their message. A large study of information propa-
gation within Twitter reveals that the majority of users act
as passive information consumers and do not forward the
content to the network. Therefore, in order for individuals
to become influential they must not only obtain attention
and thus be popular, but also overcome user passivity. We
propose an algorithm that determines the influence and pas-
sivity of users based on their information forwarding activ-
ity. An evaluation performed with a 2.5 million user dataset
shows that our influence measure is a good predictor of URL
clicks, outperforming several other measures that do not ex-
plicitly take user passivity into account. We demonstrate
that high popularity does not necessarily imply high influ-
ence and vice-versa.

Categories and Subject Descriptors
K.4.0 [Computers and Society]: General

General Terms
Algorithms, Measurement

1. INTRODUCTION
The explosive growth of Social Media has provided mil-

lions of people the opportunity to create and share content
on a scale barely imaginable a few years ago. Given the
widespread generation and consumption of content, it is nat-
ural to target one’s messages to highly connected people who
will propagate them further in the social network. This is
particularly the case in Twitter, which is one of the fastest
growing social networks on the Internet, and thus the focus
of advertising companies and celebrities eager to exploit this
vast new medium. As a result, ideas, opinions, and prod-
ucts compete with all other content for the scarce attention
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of the user community. Given this level of competition and
chaos, there is considerable consensus that two aspects of in-
formation transmission seem to be important in determining
which content receives attention.

One aspect is the popularity and status of members of
these social networks, which is measured by the attention
they receive from the consumers of their content. The other
aspect is the influence that these individuals wield, which
is determined by the actual propagation of their content
through the network. This influence is determined by many
factors, such as the novelty and resonance of their messages
with those of their followers and the quality and frequency
of the content they generate. Equally important is the pas-
sivity of members of the network which provides a barrier
to propagation that is often hard to overcome. Thus gain-
ing knowledge of the identity of influential and least passive
people in a network can be extremely useful from the per-
spectives of viral marketing, propagating one’s point of view,
as well as setting which topics dominate the public agenda.

In this paper, we analyze the propagation of web links
on Twitter over time to understand how attention to given
users and their influence is determined. We devise a gen-
eral model for influence using the concept of passivity in a
social network and develop an efficient algorithm similar to
the HITS algorithm [3] to quantify the influence of all the
users in the network. Our influence measure utilizes both
the structural properties of the network as well as the dif-
fusion behavior among users. The influence of a user thus
depends not only on the size of the influenced audience, but
also on their passivity. This differentiates our measure of
influence from earlier ones, which were primarily based on
individual statistical properties such as the number of fol-
lowers or retweets [1].

2. THE IP ALGORITHM
The Twitter data set. On Twitter, each user sub-

mits periodic status updates, known as tweets, which are
short messages limited to 140 characters. Each user inde-
pendently decides what other users to follow. An important
Twitter phenomenon that is central to this paper is retweet-
ing. A retweet is a post originally made by one user that
is forwarded by another user. They are useful for propa-
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gating interesting posts and links through the Twitter com-
munity. Each retweet explicitly credits the author of the
original tweet [4] and is an important influence signal.

To obtain the dataset for this study, we continuously queried
the Twitter Search API for a period of 300 hours starting on
10 Sep 2009 for all tweets containing URLs (the string http).
The dataset consists of approximately 22 million tweets men-
tioning unique 15 million URLs 1.

Algorithm outline. An important question is whether
it is possible to identify users who are very good at spreading
their content to a large part of the network. While pairwise
influence between users can be easily determined, it is not
very clear how to accurately obtain information about the
relative influence each user has on the whole network. To
answer this question, we design an algorithm (IP) that as-
signs a relative influence score and a passivity score to every
user. The passivity of a user is a measure of how difficult
it is for other users to influence him. The algorithm takes
into account the passivity of all the people influenced by a
user, when determining the user’s influence. In other words,
we assume that the influence of a user depends on both the
quantity and the quality of the audience she influences.

Algorithm operation. The algorithm operates itera-
tively, computing both the passivity and influence scores
simultaneously in the following way:

Consider a weighted directed graph G = (N,E,W ) with
nodes N , arcs E, and arc weights W , where the weights
wij on arc e = (i, j) are computed as follows: The arc (i, j)
exists if user j retweeted a URL posted by user i at least

once. The arc e = (i, j) has weight we =
Sij

Qij
where Qi is

the number of URLs that i mentioned and Sij is the number
of URLs mentioned by i and retweeted by j.

For every arc e = (i, j) ∈ E, we define the acceptance

rate by uij =
wi,j∑

k:(k,j)∈E

wkj

, which the influence of user

i over j normalized by the sum of influence from all the
nodes that affect j. Similarly we define the rejection rate by

vji =
1− wji∑

k:(j,k)∈E

(1− wjk)
. Since the value 1−wji is amount

of influence that user i rejected from j, then the value vji
represents the influence that user i rejected from user j nor-
malized by the total influence rejected from j by all users in
the network.

The algorithm is based on the following operations per-
formed iteratively:

Ii ←
∑

j:(i,j)∈E

uijPj (1)

Pi ←
∑

j:(j,i)∈E

vjiIj (2)

3. EVALUATION
To validate whether our algorithm is a good predictor of

the attention URLs get on Twitter, we use click data from
Bit.ly, a URL shortening service that keeps track of how
many times a shortened URL has been accessed. For the
3.2M unique Bit.ly URLs in our dataset, we queried the

1The URLs shortened via the services such as bit.ly or
tinyurl.com were expanded into their original form by fol-
lowing the HTTP redirects.

Measure R2

Number of followers 0.59
Number of retweets 0.02

PageRank 0.84
Hirsch Index 0.05
IP-Influence 0.95

Table 1: Comparison of Influence Measures

Bit.ly API for the number of clicks on them. Since one URL
can have several Bit.ly shortenings, we sum the clicks over
all observed Bit.ly shortenings for each URL.

URL traffic Prediction. Using the URL click data, we
take several different user attributes and test how well they
can predict the attention the URLs posted by the users re-
ceive. It is important to note that none of the influence mea-
sures are capable of predicting the exact number of clicks.
The main reason for this is that the amount of attention
a URL gets is not only a function of the influence of the
users mentioning it, but also of many other factors includ-
ing whether the URL was mentioned anywhere outside of
Twitter. In view of that, we look at how each influence
metric predicts the maximum number (or rather the 99.9th
percentile, to eliminate the outliers) of clicks a user can get
on the links they post.

As shown in Table 1, we observe that the average IP-
influence of those who tweeted a certain URL can determine
the maximum number of clicks for a URL with good accu-
racy, achieving an R2 score of 0.95, and significantly outper-
form other measures of influence. Since the URL clicks are
not used by the IP algorithm to compute the user’s influence,
the fact that we find a very clear connection between aver-
age IP-influence and the eventual popularity of the URLs
(measured by clicks) serves as an unbiased evaluation of the
algorithm and demonstrates the utility of IP-influence.

4. CONCLUSIONS
Our study shows that the correlation between popularity

and influence is weaker than expected. This is a reflection
of the fact that for information to propagate in a network,
individuals need to forward it to the other members, thus
having to actively engage rather than passively read it and
rarely act on it. An evaluation performed with a 2.5 million
user dataset shows that our influence measure is a good pre-
dictor of URL clicks, outperforming several other measures
that do not explicitly take user passivity into account.
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