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Digging in the Digg Social News Website
Siyu Tang, Norbert Blenn, Christian Doerr, and Piet Van Mieghem

Abstract—The rise of social media aggregating websites provides
platforms where users can actively publish, evaluate, and dissem-
inate content in a collaborative way. In this paper, we present a
large-scale empirical study about “Digg.com”, one of the biggest
social media aggregating websites. Our analysis is based on crawls
of 1.5 million users and 10 million published stories on Digg. We
study the distinct network structure, the collaborative user charac-
teristics, and the content dissemination process on Digg. We empir-
ically illustrate that friendship relations are used effectively in dis-
seminating half of the content, although there exists a high overlap
between the interests of friends. A successful content dissemination
process can also be performed by random users who are browsing
and digging stories. Since 88% of the published content on Digg is
defined as news, it is important for the content to obtain sufficient
votes in a short period of time before becoming obsolete. Finally, we
show that the synchronization of users’ activities in time is the key
to a successful content dissemination process. The dynamics be-
tween users’ voting activities consequently decrease the efficiency
of friendship relations during content dissemination. The results
presented in this paper define basic observations and measure-
ments to understand the underlying mechanism of disseminating
content in current online social news aggregators. These findings
are helpful to understand the influence of service interfaces and
user behaviors on content dissemination.

Index Terms—Content dissemination, friendship relations, so-
cial media website, user characteristics.

I. INTRODUCTION

S OCIAL media aggregator websites (in short, social aggre-
gators) such as Digg, Reddit, Delicious, and Slashdot are

emerging specialized forms of online social networks (OSNs)1

and begin to shift the way people search for and consume infor-
mation on the Internet. By incorporating a variety of social fea-
tures, social media websites allow users to publish, discover, and
promote the most interesting content without a group of website
editors.
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1News portals (e.g., Digg, Reddit, Delicious, etc.) are frequently referred to
as social media websites. However, as these sites incorporate and heavily make
use of social features, such as the ability to form friendships, follow one’s activi-
ties, or facilitate one-on-one interaction, these services have become in principle
specialized types of OSNs.

In general, social media websites are characterized by the
following features: 1) users submit content published from dif-
ferent resources and “aggregate” information on a single web-
site; 2) asocial media website facilitates a rating/recommenda-
tion system so that users can vote for and recommend the most
interesting content to others in a collaborative way; 3) users can
specify their social profiles, designate friends, and connect with
people with similar interests; 4) users can discover information
on the social media websites by actively tracking their friends’
activities, or following different interfaces provided by the web-
sites, e.g., the recommendation engine, popular/unpopular con-
tent, different categories, and web widgets incorporated on ex-
ternal websites.

Although discovering information from friends is still an ap-
pealing feature, users are encouraged to actively access content
via various interfaces provided by these social media websites.
The different means for users to explore and disseminate infor-
mation may directly lead to distinguishable content dissemina-
tion patterns in such networks. The process of publishing new
content and obtaining users’ votes is called content dissemina-
tion2 in this paper.

In this paper, we present a large-scale empirical study of
Digg.com, a popular social media aggregator. Our objective
is to investigate the distinct usage behaviors of Digg users,
the patterns of information spread, as well as the impact of
friendship relations on content dissemination on the Digg
platform.3 A detailed understanding of these processes has
many applications, for example in viral marketing [27], online
campaigns [9] and targeted advertisements [38], or innovation
adoption.

In the following, we describe three major contributions:
• First, traditional crawling techniques, such as the

breadth-first search (BFS), explore users following their
friendship relations, but fail to discover users who are
actively visiting the network without designating any
friends. To avoid overlooking users without friends, we
initiate a crawling process by a simultaneous exploration
of the network from multiple perspectives. The crawling
methodology presented in this paper allows us to capture
the most valid and comprehensive information about
friendships, activities of users, and the published content
in the Digg network.

2Dissemination, propagation, and spread are interchangeable terminologies
in this paper. The same applies for content, information, and story.

3It should be noted that the semantics of friendship on Digg (i.e., “following”
a user as described in Section IV) differs from the friendship relationships
found in Facebook, Orkut, or LinkedIn where links are formed based on
real-world acquaintance or business relationships [6]). Moreover, the main
function of Digg.com (i.e., to share information) also varies from other social
networking sites (i.e., to network with friends). Hence, the results presented in
this paper are applicable to social media websites that have similar functionality
as Digg.com. To what extent these findings can be extended towards other
types of OSNs needs more investigation.
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• Second, by using the collected traces, we study the Digg
friendship network and compare its topological properties
with different OSNs. We also evaluate the distinct inter-
ests of friend pairs in the Digg network and provide em-
pirical evidence to substantiate the common hypothesis of
“friends are sharing similar interests in OSNs”.

• Third, we analyze the collective information dissemination
patterns on Digg. We show empirically that friendship rela-
tions can only effectively disseminate Digg content in half
of the cases. The friend pairs who are active during con-
tent propagation only account for 2% of the total amount
of friend pairs in the Digg network. In addition, we find
that content does not propagate widely over Digg. On av-
erage, information is disseminated no further than 3.9 hops
away from the original submitter of the story, whereas the
average path length of the Digg friendship network is 5.6
hops. Hence, we question the applicability of viral mar-
keting on social media websites that are similar to Digg.
We also show that the published content on Digg becomes
“hot” in a short period of time and saturates very quickly
after becoming popular. Most importantly, synchroniza-
tion of the users’ collaborative voting activities is the key to
successful online advertising or marketing on social media
websites that accommodates highly transient content with
short life duration.

The remainder of this paper is organized as follows. Section II
discusses related work on OSNs and social media aggregators.
Section III introduces Digg.com and our methodology of
crawling the Digg dataset. In Section IV, we study the topolog-
ical properties of the Digg friendship network and the shared
interests between Digg friends. Section V describes the user
characteristics and content dissemination patterns on Digg. In
Section VI, we discuss the efficiency of the Digg friendship
network in the spread of information and highlight the im-
portance of synchronized user activities when disseminating
content. Section VII summarizes our findings and outlines
future research.

II. RELATED WORK

Early studies on information dissemination can be traced
back to the 1950s. Researches at the early stage mainly focused
on real-world social systems: for example, Rogers studied the
processes and theories to diffuse ideas, practices, and innova-
tions in social systems [32]; Katz and Lazarfeld investigated the
origin and spread of influence through social communities [16].
With the thriving of OSNs in recent years, much more research
efforts were devoted to the field of online social communities,
as they provide an easily accessible and large-scale data source
which reflects the collaborative behaviors of millions of users as
well as the way that information is disseminated among them.
In the following, we briefly review related work performed
with different OSNs and with Digg.com.

A. Online Social Networks in General

Mislove et al. [25] studied the topological properties of four
OSNs: Flickr, YouTube, LiveJournal, and Orkut. They obtained
the data by crawling publicly accessible information on these
networking sites. In [25], it was found that the studied OSNs
display both power-law and small-world properties, e.g., tightly

connected clusters of nodes, high levels of link symmetry, and a
positively correlated node degree. Mislove et al. also discussed
the impact of the observed network structure on the spread of
information and the implication for the design of dissemina-
tion/search algorithms for OSNs. Kossinets et al. [17] studied
e-mail communication within a university over a two-year pe-
riod. They analyzed the underlying social network and identi-
fied the information “backbone”, on which information has the
potential to flow the quickest.

Leskovec et al. [21] presented an extensive analysis about the
communication behaviors and characteristics of the Microsoft
Messenger instant-messaging (IM) users. They examined the
communication patterns of 30 billion conversations among 240
million people, and found that people with similar characteris-
tics (e.g., age, language, and geographical location) tend to com-
municate more. Liben-Nowell et al. [22] analyzed the geograph-
ical location of LiveJournal users and found a strong correlation
between friendship and their geographic proximity. Benevenuto
et al. [5] examined user activities of Orkut, MySpace, Hi5, and
LinkedIn. A clickstream model was presented to characterize
user interaction between OSNs friends, as well as how users
switch from one activity to the next in such an OSN (e.g., search
for profiles, browse friends’ pages, send messages to friends).

Another popular topic about OSN focuses on the process of
content dissemination. For instance, Cha et al. [8] studied photo
propagation patterns in the Flickr OSN and the impact of social
relations on the propagation of photos. The results in [8] suggest
that friendship relations play an important role during informa-
tion spread as over 50% of users find their favorite pictures from
their friends in the social network. It was shown that there are
different photo propagation patterns in Flickr and photo popu-
larity may increase steadily over years. A similar study was per-
formed with YouTube and Daum (a Korean OSN) in [7], where
the evolution of video popularity evolution was discussed. Con-
trary to the findings on Flickr [8], video popularity of YouTube
and Daum is mostly determined at the early stage after a video
content has been submitted.

B. Studies on Digg.com in Particular

Previous research efforts on Digg have aimed to understand
the dynamics of information spread [19], the interaction be-
tween a user’s influence and information dissemination [18],
and the methodology to predict content popularity [20], [33].

Lerman et al. [19] showed that the social relations of users
play a crucial role in the spread of information on both Digg
and Twitter. Content in Twitter spreads continuously as the
story ages, whereas on Digg, stories only initially spread
quickly through the network. The same observation was found
in [18]. Szabo et al. [33] analyzed and compared the pop-
ularity of Digg content with YouTube videos. As shown in
[33], YouTube videos keep attracting views throughout their
lifetimes, whereas Digg stories saturate quickly. The influence
of a user’s relationships is not effective once Digg content has
been exposed to a wide audience, although it is important in the
early stages when content is only exposed to a small number of
users. In [20], the evolution of the popularity of a single story
was characterized. In their proposed model, a set of variables is
introduced to specify the influence of individual behavior and
the effect of user interfaces.
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C. Discussion on Previous Research on Digg.com

A fundamental assumption of previous research is that infor-
mation is primarily disseminated along social links and that the
underlying social network is the key to the spread of content in
online social communities [6], [8], [25]. The same conclusion
was also made for Digg [18], [19], [33].

However, we believe that previous reports on information
dissemination do not accurately describe the global processes
on Digg.com. For instance, results in [18] and [19] are based
on a limited number of stories being collected in a short pe-
riod of time (around a week). There are in total 2858 stories
examined in [18] and 3553 stories analyzed in [19]. Besides,
none of the above reports aimed to carry out a comprehensive
crawling process to obtain related information on the large-scale
Digg website. Although a larger dataset (including 29 million
diggs by 560 000 users) is evaluated in [33], it only accounts
for less than half of the entire Digg network (as will be shown
in Section III). Moreover, previous analyses on Digg focused
on the dissemination process from the source via friends, while
ignoring the influence of users who do not establish any social
connections.

In this paper, we carry out an in-depth analysis on Digg.com
from the perspectives of network structure, user characteristics,
and content dissemination patterns. Some of our findings, such
as the characteristics of user similarity, the submission and dig-
ging patterns of users, as well as the impact of social relations
on the spread of information, have not been thoroughly inves-
tigated before; hence, they may provide important insights in
understanding social media websites that are similar to Digg.

III. DIGG.COM AND DATA COLLECTION

The social news website Digg.com4 is a content discovery and
sharing application launched in 2004. According to the traffic
statistics provided by Alexa.com in May 2010, Digg is rated
as the 117th most popular website globally, and as 52nd in the
United States. The Digg users can submit a uniform resource
locator (URL) of a video, an image, or news that is published
elsewhere on the web. By using the voting system on Digg, a
user can digg a story if he has a positive attitude towards it.

Within Digg, one can create friendship connection to others.
A user can either be a fan or a mutual friend to another person,
which is similar as the follower relation on Twitter5. Via a
so-called friends’ activity interface, each user maintains a
friends list, i.e., a list of friends that he has designated. If a
user designates user as a friend in his friends list, user

is specified as a fan in user ’s list. If also reciprocates
as a friend, both users are marked as mutual friends. After

designating new friends in his list, a user can follow the recent
activities of his friends, e.g., stories his friends submitted,
commented, or dugg. Similarly, once digging (equivalent as
voting for) a story, a user is implicitly disseminating and
recommending the content to his fans.

New submissions on Digg are displayed on the upcoming sec-
tion of the website. Stories that are considered to be interesting
are selected from the upcoming section and thereafter appear in

4On August 25, 2010, the Digg platform was updated to Digg version 4. The
work presented here is performed on Digg version 3.

5Twitter: http://twitter.com.

the popular section which is the default page shown to a user en-
tering the Digg website. Promoting an upcoming story is man-
aged by a secret algorithm developed by Digg. The algorithm
considers the number of diggs, the diversity of users who are
digging the story, the time when the story was submitted, and the
topic of the story as the major factors of the promotion.6 Further
details about the algorithm, however, are not provided by Digg.
At the moment of our work, there are approximately 15 000 to
26 000 stories being submitted daily, out of which, around 150
stories are promoted to be popular per day. According to our
Digg dataset, 88% of the published content on Digg are news,
8.0% are videos, and 4.0% are images.

To explore Digg.com, a user has two options. He can go to
the upcoming or the popular section of the website. Stories on
each section are organized 1) by type, i.e., news, videos, and im-
ages; 2) by topic, i.e., eight major topics of technology, world &
business, science, gaming, lifestyle, entertainment, sports, and
offbeat; 3) or by a recommendation system, i.e., stories that are
ranked with respect to their votes (diggs). Apart from the above
interfaces, a Digg user may also discover stories via the friends’
activity interface mentioned above. Once logged in, users can
keep track of their friends’ activities and therefore disseminate
information along the friendship relations.

While most social network traces are crawled using friend-
ship relations [1], [25], the Digg dataset was obtained by a si-
multaneous exploration of the network from four different per-
spectives as shown in Fig. 1. By using the Digg Application Pro-
gramming Interface (API), we are able to explore the four per-
spectives (from bottom to top in Fig. 1) during data collection:

• Site perspective: The Digg website lists all popular and
upcoming stories under different topic areas. Every hour,
we retrieve all popular stories (for all topics) that are listed
on Digg. Every four hours, all upcoming stories (for all
topics) are collected. All discovered stories are added to an
“all-known story” list maintained by us.

• Story perspective: For each of the stories that has been
retrieved, a complete list of all activities performed by dif-
ferent users (who dugg on the story) is collected. Any user
who is discovered will be added to the “all-known user”
list for future exploration.

• User perspective: For each user discovered within the
Digg OSN, the list of their activities, such as submitting
and digging on stories, is retrieved. Occasionally, a pre-
viously unknown story is discovered (this is typically the
case for older stories before we started the collection). For
such a story, the entire (digging) activities of users are
retrieved for that story.

• Social network perspective: Each registered user can
make friends with other Digg users. In the crawling
process, a list of friends is retrieved for every user. If a
friend is a previously unknown user, this user is added to
the data discovery process, and a list of all his friends and
his public user profile information are retrieved.

The above procedure is continued until no new user and story
can be found and periodically repeated afterwards to discover

6Content promotion refers to the procedure of obtaining votes from the pub-
lication of a story until it is displayed on the front page of the popular section.
While a content dissemination process is defined as the growth of diggs for a
story during its entire life time on Digg.
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Fig. 1. Different components of the Digg crawling process.

Fig. 2. Illustration of information dissemination in the Digg friendship net-
work. The solid arrows represent the friend or fan relationships. The dotted ar-
rows refer to information dissemination along the friendship links.

new user, story, activity, and friendship relation. By using the
above crawling methodology, we are able to collect almost the
entire information about friendships and activities of users and
the published content on Digg. Although the Digg network was
officially founded on December, 2004, the feature of the friends
list was not released until July 2005, when the second version
of Digg was launched. Therefore, in our analysis, the collected
friendship information starts from July 2005 until May 2009.
Our Digg dataset has a volume of more than 600 GB (gigabytes),
containing the related information about 1.5 million registered
users and 10 million published stories in the Digg OSN.

IV. DIGG FRIENDS AND THE FRIENDSHIP NETWORK

The traditional way to study complex networks such as social
networks, biological networks, and the internet is by examining
their topological properties. Since friendships are assumed to be
critical during content dissemination in OSNs, studying the topo-
logical properties of OSNs is useful to understand the way that
information is disseminated between users. By considering the
1 527 818 registered Digg users in our dataset as nodes and their
follow-relations (fans or mutual friends connections) as links,
we construct a directed Digg friendship network7 . A bi-di-
rectional link is called a symmetric link. Otherwise, the link is re-
ferred to as being asymmetric. In , the outgoing degree
defines the number of friends that a random user has, and the in-
coming degree indicates the number of fans that a user has.

As discussed in Section III, users can keep track of their
friends’ activities and further disseminate content along their
friendship connections. Hence, content dissemination in the
Digg friendship network is initiated in the reversed direction
along the friendship links. In Fig. 2, we illustrate the friend
and fan relationships on Digg (the solid arrows), as well as
the way that information is disseminated via friendship links
(the dotted arrows). For example, user has three friends and
two fans; see Fig. 2. User may discover (and digg) stories

7Notice that the friendship on Digg differs from social connections between
individuals in the real word—it is in fact a following relationship between Digg
users. We advise readers to differentiate a friendship on Digg as in other OSNs
such as MySpace or Facebook.

Fig. 3. (a) Pdf of the out-degree of the giant component. A cut-off out-degree of
1000 is set on Digg. (b: Pdf of the in-degree of the giant component. Both curves
are plotted on log-log scale and best fitted with the power law distribution. The
goodness-of-fit, i.e., and , of the out-degree and in-degree
distribution suggest high fitting quality.

recommended by , , and . is also a potential source from
whom user and may acquire information. In short, a user
disseminates content to his fans in the opposite direction along
the incoming links. In the following, we examine the topolog-
ical properties of the Digg network and characterize the shared
interests between Digg friends.

A. Network Connectivity and Node Degree

Our analysis shows that there exists a giant component8 in
the Digg friendship network. The presence of the giant compo-
nent is critical to the connectivity and the dissemination of in-
formation on Digg. The giant component in our Digg data col-
lection consists of 685 719 nodes (which account for approx-
imately 44% of our entire Digg dataset) and 6 736 174 links.
Around half of the users in the giant component have no out-
going links. The average shortest path length and the network
diameter9 of the Digg friendship network is 5.6 hops and 29
hops, respectively. The remarkably short path length and diam-
eter of the giant component is likely to impact the content dis-
semination process on Digg, as information is not expected to
spread far away from the source. In Fig. 3(a) and (b), we plot the
probability density function (pdf) of the out-degree and in-de-
gree of the giant component, respectively. On a log-log scale,
both and exhibit straight lines,
conforming to the power law distribution.10 Notice that Digg
artificially caps a user’s maximal out-degree to 1000, the dis-
tribution of very high out-degrees (close to ) is
skewed in Fig. 3(a). The exponent of is found to
be , which is slightly higher than the exponent of the
in-degree (i.e., .

8We define the giant component as the largest connected component in a net-
work.

9The average shortest path length is defined as the average number of hops
along the shortest paths for all possible node pairs in a network. The network
diameter is the maximal number of hops along the shortest paths.

10The power law distribution is defined as , where
is a slowly varying function.
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Apart from the single giant component, the Digg friendship
network also consists of a significant number of connected
components and disconnected nodes. There are 31 513 nodes
forming 13 270 small and distinct connected components.
These connected components are not connected to the giant
component. The maximum number of nodes in these com-
ponents is 77, and the smallest component only consists of 2
nodes. The remaining 810 586 disconnected nodes, accounting
for about half of all Digg users, are not connected to any other
nodes in the network. Our observation about the node degree
distribution and connectivity on Digg suggest two important
findings.

First, the Digg node degree distribution is consistent with
previous reports on Flickr, YouTube, LiveJournal, and Orkut
(see [25]), in the sense that the power law exponents of these
OSNs are all smaller than 2 (between 1.5 and 2). The node de-
gree distribution of OSNs implies their fundamental difference
compared with the structure of other complex networks, e.g.,
real-world social network, World Wide Web (www), and power
grid network, in which the power law exponents are between 2.1
and 4 [4]. The observed power law distributions with an expo-
nent smaller than 2 indicates that, when , all moments
including the mean tend to . Hence, the degree of the nodes
exhibit high variations.

Second, most large OSN traces (e.g., in [8] and [24]) are
crawled by using the breadth-first search (BFS) technique fol-
lowing friendship links. Although it is shown in [25] that the
number of missing users from the giant component by using
BFS tend to be small in number, the amount of disconnected
nodes are naturally excluded from the collected dataset. More-
over, analysis of users that are not in the giant component are
usually ignored, and their impact on OSNs has not been well
studied. With the Digg dataset collected in this paper, we are
able to analyze the characteristics of the disconnected users and
their digging behaviors, which will be discussed in more detail
in Section V-AII.

B. Degree Correlation

The assortativity measures the degree correlation of con-
nected nodes in a graph. The assortativity coefficient is
essentially the Pearson correlation coefficient [34, p. 30] be-
tween two random variables and , and lies in the range
of . A positive assortativity coefficient (close to 1)
indicates an assortative network in which nodes are likely to
connect to others of similar degree, while a negative assorta-
tivity coefficient (close to ) refers to a disassortative network
where high-degree nodes tend to connect to low-degree nodes.
In theory, disassortativity favors good connectivity in a network
while nodes in an assortative network exchange information
with those that reward them equally [36].

According to Newman’s definition [29], the assortativity in
directed networks measures the tendency of a node to connect
with other nodes that have incoming degrees similar to node ’s
outgoing degree. Here, we measure the assortativity as the in-de-
gree (or out-degree) correlation between two connected nodes,
because information is always disseminated in the opposite di-
rection of incoming links. Therefore, the revised definition of
assortativity is useful when examining the impact of network
structure on content dissemination.

Fig. 4. Log-log plot of the out-degree (in-degree) versus the average out-de-
gree (in-degree) of neighbors. The vertical dotted line shows Digg’s out-degree
limitation of 1000.

Our analysis shows that there exist no significant relations re-
garding the in-degree between two Digg friends .
In terms of content dissemination, an assortative network is
more favorable since individuals are tightly connected to others
of high in-degree, with the low in-degree nodes on the edge
of the network [29]. Hence, information can spread quickly
and effectively from a user to his many neighbors and further
within these groups of users. However, such a property is not
observed in the Digg network.

The out-degree assortativity, on the other hand, provides in-
sight on the correlation between a pair of friends regarding the
number of sources from which they can discover content. The
derived assortativity coefficient of indicates that
users who make many friends might not connect to those are
similar (i.e., users who also keep many friends). The content dis-
covery process can be performed more efficiently and widely in
an assortative network (regarding the out-degree) since a search
query reaches more neighbors. Apparently, the Digg network
does not have such a property either.

To investigate the assortativity in more detail, we plotted the
average neighbor out-degree (in-degree) distribution of nodes
with out-degree (in-degree) in the Digg friendship network
in Fig. 4. An increasing average neighbor degree distribution
indicates a tendency of higher-degree nodes to connect to other
high-degree nodes, whereas a decreasing distribution represents
the opposite trend. Fig. 4 illustrates an increasing trend for lower
degree nodes (e.g., nodes with out-degree smaller than 100)
to connect to higher degree nodes. However, as the out-degree
(in-degree) grows, we see drastic fluctuations. Thus, there is a
nonlinear relationship between the degrees of highly connected
nodes and the degrees of their neighbors.

C. Link Symmetry

In OSNs, bi-directional links reveal a reciprocal relation be-
tween users. Link reciprocity in OSNs is fundamental, because
the presence of mutual links can accelerate the information
propagation process and reduce the diameter during content
discovery [12].

Contrary to previously studied OSNs which exhibit a high
level of symmetry (e.g., 62% of links in Flickr, 74% of links in
LiveJournal, and 79% of links in YouTube are found to be bi-di-
rectional [25]), the link symmetry in the Digg network is much
lower (38% on average) and varies with respect to the degree of
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TABLE I
FRACTION OF SYMMETRIC LINKS ON DIGG

nodes. As shown in Table I, users that are connected to a small
group of friends (e.g., ) are more likely to desig-
nate each other as mutual friends (53% of their friendship links
are symmetric). Creating many connections does not increase
the probability of being accepted as a friend: only 31% of the
friendship links are bi-directional for users with .

The lower friendship-reciprocity on Digg is due to the lack
of incentives for establishing mutual friendships. In fact, the
Digg website uses an “asymmetric model” by intentionally dis-
tinguishing between “fans” and “mutual friends”. In contrast,
previously considered OSNs (e.g., Flickr, LiveJournal, and
YouTube) only allow for mutual friendships to be established,
leading to the high symmetric link ratios observed in these
networks. The asymmetric model used on Digg is consistent
with sociological studies, which predicted the necessity of
specifying the diversity of possible relationships amongst users
and distinguishing strong (mutual friends) and less strong (the
fans) friendship relations [11], [30]. However, the low level of
link symmetry points to a less favorable situation for content
discovery and sharing between friends.

D. Shared Interests Between Friends

According to sociological theory, friends in OSNs tend to
have common interests and tastes [3], [31]. Hence, within Digg,
it is also assumed that users browse stories dugg by other mem-
bers and establish friendship relations if they share the same in-
terests. In the following, we characterize users’ interests on Digg
and compare the taste similarity between friends.

Recall that all stories on Digg are classified into eight
major topics. The number of stories that a user dugg under
each individual topic reflects his general interests on that
specific topic area. We denote the number
of stories a user has dugg11 under topic . The elements
of the set are the ranked random
variables of , if , and

. The sum is the
total number of stories that a user has dugg. Consequently,

defines the fraction of stories a user has dugg
under his th favorite topic over the entire amount of stories
dugg by him.

Fig. 5 depicts , the average value of provided
that a user is interested in topic areas (denoted
by the event ). The dotted (vertical) lines in Fig. 5 represent
the group of users that are interested in topic areas. We see

11The index of from 1 to 8 corresponds to the topic of technology, world &
business, science, gaming, lifestyle, entertainment, sports, and offbeat, respec-
tively.

Fig. 5. Rankings of user interests under individual topics. The horizontal axis
represents the number of topic areas in which users are interested. The vertical
axis shows the ranking of users’ th favorite topic. It is plotted on logarithmic
scale for easier reading.

far more activity under a user’s preferred topic as opposed to
his less favored topics. For example, if users read, digg, and are
interested in two topics, on average, the number of stories under
their favorite topic accounts for 67% of the total stories that they
dugg (see the second vertical dotted lines). Only 33% of the sto-
ries fall into their least favorite topic. Users who are interested
in all eight topics digg approximately 40% and 19% of the sto-
ries under their two favorite story categories and the number of
stories dugg under individual topics decreases logarithmically.
In general, users digg at least twice as many stories under their
favorite topic as under the second favorite one.

The rankings of user interests provide a direct way of
measuring the similarity between users’ tastes when making
friends. When comparing the interests between two users and
their ranking of topics, we define the similarity hop, which
can be used to reflect the distance of a user’s favorite topic
with respect to the th favorite topic of his friends. We denote
by the th topic after ranking. For a friend pair and
, we obtain two set of lists of and

, in which and are the names
of the th favorite topic of user and user , respectively. Since

is the most favorite topic of user , we compare with
of user . The similarity hop, defined in

(1), measures how similar two friends regard their tastes:

(1)

in which the indicator function, , is defined as 1 if the
condition is satisfied; else, it is zero. The similarity hop
ranges between . A zero hopcount means that
two users have identical interests. A small similarity hopcount,
say , indicates high overlapping interests between two
friends, while a large hopcount (e.g., ) suggests that
users do not have common interests.

Our analysis shows that the similarity hop between two
friends decreases exponentially: 36% of friend pairs have iden-
tical interests and the percentage of friend pairs that are one,
two, and three hops away are 20%, 15%, and 10%, respectively.
On average, the similarity hops between all the friend pairs
on Digg is calculated as 1.7, indicating a quite high overlap in
user interests. The above analysis provides direct evidence to
the common assumption of “friends share similar interests in
OSNs”.
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Fig. 6. Stories submission pattern of the 1.5 million Digg users. Out of the 10
million stories submitted to Digg, only 1% of them become popular.

V. USER CHARACTERISTICS AND CONTENT

DISSEMINATION ON DIGG

Users are the driving force to publish, vote, and recommend
content on Digg. In this section, we first evaluate the distinct
characteristics and digging activities of the Digg users. After-
wards, we study how content is disseminated on Digg.com after
their publication.

A. Characteristics of User Activity

Social media websites such as Digg.com allow users to
submit their content. Hence, we are motivated to evaluate
whether users are actively utilizing this new feature (e.g.,
submitting and digging stories) on these websites.

1) Content Submission on Digg: Fig. 6 plots the Lorenz
curve [23] of the story submission pattern on Digg. While the
10 million stories published on Digg are supposed to be sub-
mitted by the 1.5 million users, we see that 80% users are in fact
only submitting approximately 20% of the entire Digg content.
While it is a quite unbalanced system,12 the above observation
conforms to the Pareto principle, i.e., the “80–20 rule” [15], that
has been widely observed in economics and sociology. The in-
equality of story submission becomes more drastic for popular
stories. Only a small group (2%) of users have succeeded in sub-
mitting popular stories, whereas the majority of Digg submitters
fail to make their content to be successful.

Even though social media websites are considered to be a
platform that provide equal opportunity for users to disseminate
their stories, the “flavor” of Digg.com is in fact dominated by a
minority of people in the social community. The presence of
a small group of successful users seemingly suggests that they
are the critical users who can effectively disseminate content.
However, our analysis shows that these 2% users are not always
successful in submitting popular stories. First, there is no cor-
relation between the number of stories submitted by these users
and the stories that become popular (the Pearson correlation co-
efficient is ). Second, the average ratio of submitted pop-
ular stories of the 2% successful users over their total number of

12The further the Lorenz curves are away from the line of equality, the more
unequal the system is. A low Gini coefficient implies the tendency towards an
equal system—a zero Gini coefficient corresponds to complete equality, and
vice versa.

Fig. 7. Pdf of the number of stories dugg by the connected and disconnected
users. The best fitting curve is the power law distribution with an exponential
cut-off. Inset: Pdf of the number of active days of Digg users.

submissions is 0.23. Third, we do not find users who can contin-
uously repeat their previous successes over time. Hence, dele-
gating the spread of content to the top 2% users does not always
guarantee a successful dissemination.

2) Digging Activity of Connected and Disconnected Users:
We define an active user as the one who dugg at least one story
on Digg and denote as the number of stories a user dugg. Out
of the 1.5 million users in our Digg dataset, 93% are active users
whereas the remaining 7% of users registered on Digg without
digging any story. As discussed in Section IV-A, there exists a
huge amount of disconnected users, which accounts for approx-
imately half of the entire Digg users in our dataset. These dis-
connected users may take advantage of different interfaces pro-
vided by Digg, and therefore are actively exploring and digging
stories. Hence, it is interesting to examine the digging activities
of the connected and disconnected users separately.

Fig. 7 presents the pdf of for the connected and discon-
nected Digg users, respectively. The pdf of for the connected
users has a long-tail shape. The majority of users diggs less than
ten stories and a few of them digg more than thousands of sto-
ries. The disconnected users are also actively digging stories on
the Digg website, indicating that users are indeed using various
interfaces provided by Digg to access and digg stories. Friend-
ship relation is no longer the only mean for content discovery
and digging on Digg. Fig. 7 shows that the pdf of for the
disconnected users also exhibits the heavy-tail property. How-
ever, the digging behaviors of the connected and disconnected
users exhibit a major and quantitative difference—the discon-
nected users, in general, are digging less stories than the con-
nected users. The maximal number of dugg stories by the dis-
connected users is approximately one order less than users in
the connected components. The number of disconnected users
who dugg less than ten stories is higher than the connected ones.

Moreover, on a log-log scale, there is a slightly bending trend
at the end of the straight lines in Fig. 7. For both curves of

, the best fit is the power law distribution with an
exponential cut-off13 at the tail. The power law distribution with
an exponentially decaying tail has been reported in protein net-
works [14], e-mail networks [10], actor networks [2], www net-
works [28], and for video popularity in YouTube [7]. To explain

13The power law with an exponential cut-off is described by
, where the exponential decay term overwhelms the

power law behavior at very large .
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the generating process of such distribution, several models have
been proposed (e.g., the aging effect by Amaral et al. [2] and the
limited web page availability by Mossa et al. [28]). As for the
Digg network, the bending tail may be attributed to the satura-
tion of users’ digging capability, i.e., users cannot discover and
digg all stories published on Digg. The inset of Fig. 7 plots the
pdf of the number of active days of users on Digg (a user who
dugg at least one story is considered to be active on that day).
As we can see, a Digg user can stay active on Digg for max-
imally about 1000 days. In order to digg the entire 10 million
published Digg stories, the user needs to digg 10 000 stories per
day, which is not possible. Hence, the probability for users to
digg more stories decays faster than a power law.

B. Content Dissemination Pattern

Our analysis shows that the diggcount, i.e., the of number
of diggs received by a story, is highly correlated with the
pageview14 of that story. The correlation coefficient is 0.87.
Hence, we consider diggcount as a good metric to reflect the
popularity of a Digg story.15 In this section, we examine the
diggcount of the 115 163 popular stories in our dataset as
well as the way that these stories are disseminated after their
publication.

1) Story Promotion Duration: Dissemination of stories on
Digg consists of two phases: before and after they are popular.
The promotion duration of a popular story refers to the time
between its publication and promotion. In Fig. 8, we plot the
distribution of the promotion duration of the collected
115 163 popular stories. As revealed from Fig. 8, the first 24
hours from the publication is critical to the submitted upcoming
stories (15 000 to 26 000 stories per day) on Digg: stories need to
attract sufficient interests, e.g., a large enough number of diggs,
the diversity of the diggers, within 24 hours in order to get pro-
moted. Fig. 8 also reveals that the average promotion duration
is approximately 16.3 h. The promotion pattern on Digg dif-
fers from other OSNs (e.g., Flickr), where content may grow
steadily over years and finally become “hot”. We attribute the
distinct feature of promoting stories with stringent timeline to
the fact that most Digg content (88%) is social news. Thus, the
novelty of the news is critical to attract the attention of users.

2) Identifying Diggs From Friends and Non-Friends: We
follow the heuristic approach in [8] and [33] to identify diggs
from friends and non-friends. An important assumption is made
as: If is the fan of , reads and diggs a story after dugg
it, we say that the story is recommended by user and there-
fore disseminated via friendship links. Following this assump-
tion, we are able to infer a digg on a story as the digg from a
friend (a user discovers and diggs the story via friendship link)
and the digg from a non-friend (a user diggs a story without the
engagement of the friendship network) and further evaluate the
effectiveness of friendship and non-friendship relations during
content dissemination. It should be underlined that it is possible
for a user and his fans to discover a story through the Digg web-
site interfaces rather than via friendship relations. Our measure-
ment, however, is examining the upper bound of the friendship

14The pageview is defined as the number of visitors who has clicked and read
a story.

15A user is only allowed to digg once on a story.

Fig. 8. of the promotion duration of popular stories
(in hours). The average promotion duration of popular stories is approximately
16.3 h.

TABLE II
RATIO OF FRIENDS AND NON-FRIENDS OVER THE TOTAL

NUMBER OF DIGGERS FOR POPULAR STORIES

network during the spread of information, in the case where
friendship relation is the only mean to disseminate information.

3) Collaborative Content Dissemination: After identifying
a digg from friend and non-friend users (as explained in
Section V-BII), we calculate the ratio of friends and non-friends
over the total number of diggers before and after a story became
popular on Digg. Out of the entire 115 163 popular stories,
55% are predominantly disseminated via social relations
(72%) before their promotion, with a minor contribution from
non-friends (28%). In the remaining 45% of cases, there is no
significant contribution of the friendship relations (23%), and
stories are mainly promoted by non-friends (77%) before they
became popular. Table II presents the aforementioned ratios of
the two types of stories. For both types of stories, the number
of diggs from non-friends is significantly larger after stories are
promoted. This is because since stories are placed on the front
page of the popular section, they become more “visible” and
more easily accessible for users who are browsing the websites.
Users can still digg stories recommended by their friends, while
the influence of the friendship network is marginal once stories
are exposed to a vast number of random users who are active
on the website.

Fig. 9(a) and (b) presents two typical examples for stories
from each type. The number of friends/non-friends, who are dig-
ging the story, is plotted as a function of time. We see that story
10471007 [Fig. 9(a)] receives most diggs from friends before
its promotion, while story 1083159 [Fig. 9(b)] mainly relies on
non-friends for its promotion. For both stories, the number of
diggs increases drastically after their promotion. Once stories
are placed on the first front page of the popular section, they
quickly obtain the attention of many users.
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Fig. 9. Dissemination pattern of a story since publication. (a) The story is pro-
moted by friends. (b) The story is promoted by non-friends (log-log scale for
easier reading).

In order to illustrate the overall performance of stories in both
types, we plot the aggregated dissemination patterns16 for all
stories in each type in Fig. 10(a) and (b). Most diggs are obtained
within the first 2 or 3 h after stories are placed on the first front
page and the “attractive period” of a story is very short. As time
elapses, stories lose their popularity very fast and the number
of diggs becomes stable approximately after 40 h since their
promotion. The attractiveness of social news is in nature limited
by time and becomes obsolete very fast. Besides, stories are
shifted gradually from the first front page to the second, third,
and so forth. Thus, users may not want to explore stories that
are out-of-date.

4) Distribution of Story Popularity: The number of dig-
gcounts of a story reflects its popularity on Digg. The growth
of story popularity is a dynamic process and the diggcount of a
story varies as a function of time. Hence, we study the pdf of
the diggcount for popular stories appearing on different front
pages. In particular, we denote the diggcount of
stories on front page , i.e., the number of diggs a story ob-
tained before it is shifted to the next page. As shown in Fig. 11,
the curves (diggcount distribution on the first five front pages)
are fitted reasonably well with the lognormal distribution.17 In
fact, as stories are being shifted to subsequent front pages, the

16Since stories have different promotion durations, we compute the aggre-
gated number of diggs at the time that a story is published, and the number of
diggs of that story when it is promoted to popular. Thus, in Fig. 10, only two
time points are plotted before stories are promoted.

17The lognormal probability density function with parameters and is de-
fined as

(2)

Fig. 10. Aggregated dissemination pattern of popular stories. (a) The 63 484
popular stories promoted by friends (average promotion duration is 12.6 h).
(b) The 51 679 stories promoted by non-friends (average promotion duration
is 11.1 h) (log-log scale).

Fig. 11. Pdf of story diggcount on the first five front pages for the popular
stories on Digg.

lognormal distribution can still describe the story diggcount
distribution. After (approximately) the 18th front page, the
diggcounts of stories hardly increase.

The lognormal distribution of story popularity has been re-
ported in a variety of fields, e.g., collaborative edits per article
on Wikipeida [37], growth dynamics of the WWW [13], and
the growth of an organism [26]. To explain the process that
generates such distribution and predict the diggs received by a
story, we refer to the single parameter model developed by Wu
and Huberman [39], as well as the model with multiple vari-
ables introduced by Lerman and Hogg [20]. While the above
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Fig. 12. Pdf of the number of common stories dugg by friends on Digg.

studies give a partial understanding of the appearance of the
lognormal, our measures indicate that the process is more com-
plicated, as the observation of lognormal distribution can be an
artifact of the Digg promotion algorithm. A further considera-
tion is omitted here, but we refer to [35].

VI. DISCUSSION OF FRIENDSHIP EFFICIENCY ON DIGG

In this section, we discuss the efficiency of friendship rela-
tions during content dissemination on Digg. In particular, we
evaluate the effectiveness of the friendship network during the
spread of information from the following perspectives: 1) Do
all friendship pairs have equal performance while disseminating
content? 2) Are users of high degree successful in activating
their friendship links for content dissemination? 3) Can stories
be disseminated multi-hop away from the submitter along social
links? Finally, we discuss the decrease of friendship efficiency
on Digg.

A. Effectiveness of Digg Friendship Network

The Digg friendship network consists of 6 759 937 friendship
links. It turns out that the number of friend pairs that dugg at
least one common story is surprisingly low (2% out of the entire
friendship links). The remaining 98% of friend pairs never dugg
the same story in spite of their friendship relation. Moreover,
the 2% active friend pairs do not behave uniformly regarding
the number of stories being disseminated between each pair of
nodes (denoted by ). As plotted in Fig. 12, most of friend pairs
dugg less than ten common stories, while only a few friend pairs
reacted on many common content.

Apparently, the 2% friend pairs are more successful than the
remaining friends in terms of disseminating content. The next
questions arises: Can we identify the 2% friend pairs in the Digg
network by topological properties?

B. Importance of Friendship Links

Our first approach is to examine the relation between the
topological importance of the 2% successful friend pairs (con-
nected by friendship links) and their importance during content
dissemination. In graph theory, a good measurement of link im-
portance is the betweenness of a link, which is defined as
the number of shortest paths between all possible friend pairs in
the network that traverse the link [34, p. 329]. For example, if
two clusters of Digg users are connected by one link, this link

is considered to be important because stories disseminated from
one cluster need to traverse the same link in order to be prop-
agated to the other cluster. In this paper, the importance of a
link during content dissemination is evaluated as the amount of
common stories dugg by the friend pair connected by that link.
A friend pair that dugg many content is considered to be influ-
ential during the spread of information.

If the importance of the friendship links during content
dissemination is indeed associated with the link betweenness,
we would expect a positively correlated relation between the
aforementioned two quantities. However, the empirical results
from our analysis shows that there is no significant relation be-
tween the link betweenness and the importance of the 2% friend
pairs while disseminating content . Hence, we
conclude that information is not disseminated more effectively
along friendship pairs that have higher topological importance.

C. Activation of the Digg Friendship Network

The above section demonstrates that there does not exist a
particular type of links (i.e., links with high betweenness) in the
Digg friendship network that will effectively disseminate con-
tent. However, it may be the case that certain users are very
successful in “activating” their fans to forward the information
along their social links. Intuitively, users with higher in-degree
will be more influential in terms of activating their fans when
propagating content. The number of fans that can be activated
during content dissemination is referred as to the active in-de-
gree of a user.

We will empirically show that such an assumption is not true
on Digg. In fact, the activation ratio of a user’s direct fans is ex-
tremely low. Although there exists a strong correlation

between the active in-degree and the total in-degree, a
Digg user can only activate 0.7% of his total number of fans
to disseminate the content. Hence, there is no significantly in-
fluential high-degree users who can activate many fans: a user
with 1000 fans is only able to effectively forward the content
to 7 fans, on average. We also see that active users who dugg
many stories may not be connected to users who are also active
in the friendship network (linear correlation coefficient between
the number of stories dugg by each friend pair is 0.05).

Another interesting observation from our analysis is that in-
formation can indeed traverse multiple hops across the Digg
friendship network. However, the spread of information dies out
quickly. On average, the content is disseminated no further than
3.9 hops away from the submitter. In fact, nearly 70% of the
friend diggers are direct friends of the submitter, while the con-
tribution of multi-hop friend relation during content dissemi-
nation decreases exponentially. Hence, it is not surprising that
the effective distance of information dissemination over Digg is
even smaller than its average shortest path length (5.6 hops).

Both the low activation ratio of a user’s direct friends and the
non-correlated relationship between the edge betweenness and
the strength of a link are examined from a pure topological point
of view, and evaluated for the entire Digg friendship network.
As we will show in Section VII, there exists another factor that
leads to the success of content dissemination along a friendship
link: friends should be active on Digg during an appropriate time
period.
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D. Synchronization of Friends’ Activity in Time

As discussed in Section V-BIII, stories must obtain sufficient
attention within the first 24 hours after their publication in order
to be promoted. Hence, the synchronization of friends’ activity
in time is critical to the successful promotion of a story along the
friendship links. By “activity synchronization”, we mean that
users are visiting the Digg website and actively digging stories
during a proper time slot.

From our dataset, we studied the growing pattern of the
entire established friendship links, the active friend pairs (i.e.,
friends who visited the Digg website and dugg at least one
published story), and the active friend pairs who dugg at least
one common story over the past four years (from July 2005 to
May 2009). As shown in Fig. 13, the number of established
friendship links grows almost 100 times from 2005 until 2009
(bin size in months). The number of active friend pairs is
significantly smaller (at least two order less) than the actual
amount of friend pairs who have registered on Digg.

Since the first 24 hours are critical for stories to get pro-
moted after their publication, we further investigate the prob-
ability that an active friends pair will react on the same content
on a single day. To do so, we compute the number of friend pairs
who are actively visiting Digg.com and digging stories per day
over the period since July 2005 to May 2009. On average, there
are 196 active friend pairs per day. Besides, we also calculate
the number of active friend pairs who have dugg at least one
common story per day. Our analysis suggests a strong relation
between the amount of active friend pairs and the number of
friend pairs digging the same story , while the slope
of the linear regression line [34, p. 31] is around 0.3, indicating
that 30% of the active friend pairs will react on the same content
daily.

In Section V-BIII, we have empirically shown that to promote
a story via friendship relations, friends have to contribute, on
average, 5 diggs per hour; and that the average duration of pro-
moting a story by friends is around 12.6 h; see Fig. 10(a). Thus,
for a popular story on Digg, there are, on average, 63 diggs made
by active users (connected by friendships) before its promotion.
As mentioned earlier, there exist about 196 active friend pairs
daily and one third of them digging the same content, which
seems to be sufficient for the promotion of new published con-
tent. However, considering the huge amount of content (15 000
to 26 000 stories) being published on Digg, the different inter-
ests of active friends, and the limited capability of users to digg,
it is not surprising that the efficiency of the Digg friendship net-
work for content dissemination decreases. To summarize, syn-
chronization of friends’ activity is critical to the effectiveness
of the Digg friendship network for the spread of content, espe-
cially when disseminating information which becomes obsolete
in a short period of time.

The temporary synchronization of digging patterns between
random users also results in successful content dissemination
by non-friends. Users need to discover, read, and vote for the
same story although they are exploring the Digg website via
different interfaces. Moreover, stories are shifted to subsequent
pages very fast once being published.18 It is important that users

18Popular stories stay 2 or 3 h on each front page, while upcoming stories are
shifted very fast once new stories are published.

should have found and dugg the same story before it is flooded
by the huge amount of stories being submitted to Digg. There-
fore, an accurate user behavior model (e.g., users’ browsing/dig-
ging patterns) on Digg is necessary to predict the group of users
who will click on the same story.

VII. CONCLUSION

This paper presented an empirical analysis of the social media
aggregating website, Digg.com. As shown from our study, the
novel features on Digg have led to distinct user characteris-
tics and information dissemination pattern. In the following, we
highlight our major conclusions.

We crawled the most valid information about the friendship
relations, the user activities, and the published content on Digg
by employing a simultaneous exploration of the Digg network.
Our data collection has shown that the Digg friendship network
consists of a large giant component, a number of small con-
nected components, and a significant number of disconnected
users. The Digg giant component presents a power law degree
distribution, the non-correlated node degree between friends, a
remarkably low average shortest path length, and a very low
fraction of symmetric links.

We found that the flavor of the Digg community is dominated
by a small group of users (2%), as they succeeded in submitting
popular stories. The Digg users behave heterogeneously when
exploring the Digg content. Users can discover and disseminate
content without the engagement of their friendship relations, as
the disconnected users on Digg are also actively digging stories.
A Digg story needs to attract sufficient attentions after its publi-
cation in order to become popular. Once being promoted to the
front page, the story quickly obtained a significant amount of
votes, as it has been exposed to a vast of audience. The lifetime
of the content, on the other hand, is very short. Stories lose their
popularity very fast and the number of diggs saturate approxi-
mately after 40 h since their promotion.

We have empirically shown that there indeed exists a high
overlap between the interests of friends. However, the Digg
friendship relations can only successfully disseminate content
in half of the cases. In the remaining situations, the Digg con-
tent are predominantly promoted by non-friends. We attribute
the above observation to the fact that friendship relation is not
the only mean for content discovery on Digg and that users are
taking advantage of multiple interfaces to explore and further
digg content. In addition, we found that only 2% of the entire
friend pairs have disseminated the same content. There does
not exist a particular group of users who are successful in acti-
vating their friends to spread information. Information cannot
be propagated further than 3.9 hops away from the submitter in
the Digg network. Finally, we argued that the synchronization
of friends’ digging activities is the key to the success of friend-
ship relations, especially when disseminating content with
transient life duration and short attraction period. Information
dissemination over Digg friendship links is suppressed, since
the digging activities between friends are not always properly
synchronized. Hence, designers should take into account of the
influence of service interfaces and user behaviors on content
dissemination when designing future web applications that aim
to share information between end-users.
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Fig. 13. Number of established friend links, active friend pairs, and active
friend pairs digging the same story from July 2005 to May 2009 (bin size in
months). The figure is plotted on a log-linear scale for easier reading.

Although the work presented in this paper has been conducted
in a thorough and careful way, the applicability of our findings to
other types of OSNs (such as Facebook or LinkedIn) needs more
investigation. This is because the main function of Digg (i.e.,
discover and share information) differs from the aforementioned
OSNs (i.e., network with friends), as well as the semantics of
friendship. Hence, we confine our analysis to OSNs that are sim-
ilar to Digg. As a future work, comparing the effectiveness of
friendship during information dissemination between Digg and
other types of OSNs should be performed. In particular, friend-
ship links on Digg present a low level of symmetry, while social
connections in other OSNs (e.g., Flickr) are highly symmetric.
It would be interesting to examine whether link symmetry plays
a role during the spread of content, and whether the semantics
of friendship will influence the way that information is dissem-
inated.
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