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ABSTRACT

Online social sharing sites are becoming very popular nowa-
days among Web users, who use these sites to share their
favourite items and to discover interesting and useful items
from other users. While an explicit social network is not nec-
essarily present in these sites, it is still possible that users in-
fluence one another in the process of item adoption through
various implicit mechanisms. In this paper, we study how
we can capture the implicit influences among the users in
a social sharing site. We propose a probabilistic model for
user adoption behaviour, where we assume that when user
adopts an item, he would pick a user and choose from the
set of items that this user has adopted. By using the model,
we estimate the probability that one user influences another
user in the course of item adoption, based on the temporal
adoption pattern of the users. We carry out empirical stud-
ies of the model on Delicious, a popular social bookmarking
site. Experiments show that our model can be used to pre-
dict item adoption more accurately than using collaborative
filtering techniques. We find that the strength of implicit
influence various across different topics. We also show that
our method is able to identify the influential users who are
more likely to possess items interested by other users. Our
model can be used to study the dynamics in a social sharing
site and to complement collaborative filtering in recommen-
dation systems.

Categories and Subject Descriptors

H.3.3 [Information Storage and Retrieval]: Information
Search and Retrieval; H.3.4 [Information Storage and
Retrieval]: Systems and Software; H.5.3 [Group and Or-
ganization Interfaces]: Web-based interaction
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1. INTRODUCTION

Online social sharing sites such as Delicious', CiteULike?
and LibraryThing® are becoming very popular nowadays
among Web users. Using these Web sites, users can share
their favourite items, such as bookmarks, music, books and
academic references, with other users. They can also make
use of these sites to retrieve and discover new and inter-
esting items introduced by other users. Users can usually
assign tags to describe the shared items to facilitate search
and retrieval. The user interactions in these sites are also
referred to as a form of ballot box communication [28], be-
cause users do not really interact with each other by ex-
change messages, but only implicit interacting with one an-
other by casting their votes or expressing their preferences
on the shared items.

The rising popularity of social sharing online has caught
the attention of Web information retrieval and data mining
researchers, as these sites represent a new source of data that
involve user-generated metadata, information about user in-
terests, and collective item adoption patterns. There are
studies that focus on leveraging user data in social shar-
ing sites to enhance Web information retrieval [4, 10, 30].
In addition, it has been suggested that social sharing sites
are popular particularly because they allow users to discover
something that interest them, in addition to retrieving items
they need. In other words, exploratory search is what makes
social sharing sites attractive to many users [3, 11].

Exploratory search can be enhanced by actively recom-
mending items to users based on their interests expressed in
a social sharing site, and many studies have proposed var-
ious collaborative filtering methods for recommending po-
tentially interesting items to users in different systems [13,
21, 29]. However, it has also been found that, in addition to
the symmetric similarity among users commonly used col-
laborative filtering, the asymmetric inter-personal influence
also plays an important role in understanding user adoption
patterns and recommending items to users [25]. In particu-
lar, in systems in which explicit social ties exist among the
users, degree of influences between users is a good predictor
of future item adoption [8, 24].

However, in many online social sharing sites users may

Delicious: http://www.delicious.com/
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not necessarily declare explicit social ties among themselves
even if such functionality exists. Nevertheless, since items
adopted by the users are usually publicly accessible to all
other users, there are many different ways by which users
may influence one another as time passes. Understanding
the implicit influences among users is thus important to the
understanding of the dynamics of interactions in a social
sharing system. In addition, by capturing the implicit influ-
ences among users, better recommendation algorithms can
be developed to take into account not only similarity be-
tween users but also the influences among them. So far,
however, few studies have focused on how implicit influences
can be captured in social sharing sites where explicit social
ties do not necessarily exist.

In this paper, using the popular social bookmarking site
Delicious as our subject, we study how implicit influences
among users can be captured by using a probabilistic model
of the behaviour of the users. We try to estimate the proba-
bility of influence among users by using their temporal adop-
tion patterns. In particular, we assume that while users
would adopt some items because they are recently popular
in the community, they are also likely to choose to follow
some other users and adopt something that they have al-
ready adopted. From our experiments on a large dataset
collected from Delicious, we find that our model can be used
to predict item adoption more accurately than using collab-
orative filtering techniques. We also find that the strength
of implicit influence various across different topics. In addi-
tion, we show that our method is able to identify the influ-
ential users who are more likely to possess items interested
by other users. The results suggest that our model can be
used to study the dynamics in a social sharing site and to
complement collaborative filtering in recommendation sys-
tems.

The remaining of the paper is structured as follows. In the
next section, we briefly introduce online social sharing and
discuss the possible causes of implicit influence among users.
Next, we describe in detail the proposed probabilistic model
which we use to capture implicit influence in social shar-
ing. In Section 4 we describe our experiments and analyse
the results obtained. Section 5 presents some related work.
Finally, Section 6 gives conclusions and mentions possible
future research directions.

2. ONLINE SOCIAL SHARING

Online social sharing has attracted much attention in re-
cent years as the Web has been used more and more as
a platform for social interactions. In some systems, users
contribute materials created by themselves so that they are
accessible to other users. Examples are Youtube® for video
sharing and Flickr® for photo sharing. In some other sys-
tems, users post something they consider useful or interest-
ing to the system and share with other users. Examples
of this kind include Delicious for Web surfers and Library-
Thing for book lovers. In many of these social sharing sys-
tems, users are able to use some descriptive keywords, also
commonly known as tags, to describe the items they have
submitted in order to facilitate organisation and retrieval
of the items. In some other systems, users can rate the
items and share their experience or comments with other

4Youtube: http://www.youtube.com/
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users. For example, in MovieLens® users can assign ratings
to movies and receive recommendation based on collabora-
tive filtering techniques; in Epinions”, users write reviews of
different products and other users can even express whether
they think the reviews are useful or not.

In this paper, we focus on a generalisation of online social
sharing systems, and consider such a system as one in which
users can express their preferences by creating a collection
of shared items through adoption over time. More formally,
we define a social sharing system S as follows:

Definition 1. A social sharing system S is a tuple & =
(U,D,Y, A). U is a set of users, D is a set of shared items
among the users, and Y is a set of posts. A post (u,d,t,a) €
Y represents the fact that u € U posts/adopts d € D at time
t, along with certain system-dependent attribute a € A.

This general definition captures user activities in a wide
range of existing systems. For example, in Delicious, D is
a set of URLs accessible on the Web, and A is a set of tags
created by the users. In MovieLens, D is a set of movie ti-
tles, and A is a set of possible ratings that users can use to
rate the movies.

While users are free to introduce any new items to a social
sharing system, users are also likely to discover something
interesting among those that have been adopted by other
users in the system [3, 11]. Users can either browse the pop-
ular items presented by the system, or they can browse the
collection of a particular user. In other words, it is very
likely that users adopt certain items because they are in-
fluenced by other users. The way that one user influences
another user can be either explicit or implicit. In some sys-
tems, users can subscribe to the collection of other users and
be informed of their newly posted items, such that those who
‘follow’ are more likely to be influenced by those who are ‘be-
ing followed’. In some other systems, users can form groups
of specific interests, and influences occur among users who
belong to the same groups.

However, it is not always the case that we can find ex-
plicit social ties in a social sharing system. Users may just
want to use the system to share or discover interesting items
without the intention to create social ties with other users.
Even when such functionality is available, influences among
users do not have to be confined within the explicit social
network. Since in general the activities of all users are pub-
licly accessible, it is possible that in the course of sharing
various items over time, a user may be more influenced by
one user than by another. There are many different situa-
tions in which a user u, can be influenced by another user
up. Here are some of the possibilities:

e User u, bookmarked user u’s profile page and /or item
page, and u, often visits these pages to look for new
items;

e User uy likes to recommend items to other users, and
user ug tends to adopt items recommended by up;

e User u, has subscribed to a particular RSS feed (e.g.
the feed of a tag), and us happens to be an active user
with respect to that feed;

SMovieLens: http://www.movielens.org/
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e User uy is an early adopter of items of a particular
topic, and u, is interested in the topic but is a rela-
tively latecomer.

While some of these activities can be known from a system
activity log, others cannot be traced. Hence, it is desirable to
develop a general framework for capturing implicit influence
among users in a social sharing system, so as to acquire a
better understanding of the dynamics of user interactions
and to facilitate item discovery and recommendation. By
identifying users who have greater influences on the others,
we can also come to know who make greater impact on or
contribution to the system and the user community.

3. MODELLING IMPLICIT INFLUENCE

Implicit social influence among users cannot be directly
measured due to the lack of explicit social ties. However, we
can estimate such influences based on the activities of the
users. In the simplest case, it is possible that user u, has
influence on user uy if u, adopts an item that u, adopted
earlier. While this is not a strong evidence as a user can
be influenced by any one of the users before him (or not),
the probability increases as this pattern happens more fre-
quently among this pair of users. On the other hand, de-
pending on the design of the social sharing system, a user
may come to know of a particular item because it is featured
on the homepage of the site or because it has attracted much
attention recently. In other words, we also have to consider
other things that would possibly influence the choices of the
users. Since a model of implicit influence depends on the
design of the system, we focus on the popular social book-
marking site Delicious in this paper for our study of implicit
influences. However, our proposed method can be easily
generalised to other systems with different designs.

It should be noted that in studies of adoption patterns in
a social network the probability of a user adopting a cer-
tain item usually depends on the number of friends of this
user who have already adopted the item [1, 9]. However,
we believe this is less appropriate in our case in which we
focus on systems with no explicit social ties. In particular,
adoptions because of influences from other users also tend
to be more straightforward in these systems, not to men-
tion the fact that there is no clear definition of a group of
neighbours/friends in such a setting. As a result, we choose
to infer the degree of influence by focusing on the relative
order of adoption of the users.

3.1 The Model

To design our model of user activity in Delicious, we use
an approach similar to the one described in [8], in which the
authors describe a model of user activity in Wikipedia®, the
collaboratively-written and free online encyclopedia. In our
model, a user u € U chooses to perform an action, i.e. to
adopt a particular item, by sampling from a probability dis-
tribution. In particular, we consider a total of five different
options as listed below:

a. Choose a user and adopt an item that have already
been adopted by the user;

b. Choose an item that has recently been adopted by
some USers;

$Wikipedia: http://www.wikipedia.org

c. Choose an item from the set of popular items;
d. Randomly pick an item that has been adopted before;

e. Introduce a new item by being the first to adopt this
item.

We decide on these options based on our observations of
the system of Delicious. In particular, Delicious presents
both a list of recently bookmarked items as well as a list of
popular items.® Thus the options (b) and (c) above corre-
spond to the cases in which users adopt items after brows-
ing these lists. Although the exact algorithm for generating
these lists are not known and it has probably undergone
various changes since Delicious was first established, we will
attempt to use different parameters to approximate these
two lists. Moreover, as we do not only want to construct a
model for a specific system, we present a probabilistic model
that can accommodate various possible system designs that
could result in different user behaviour. For example, other
systems may choose to present users with a set of all-time
popular items, or items that are visited by most users (re-
gardless of whether they adopt the items or not).

In the description below, we mainly consider the temporal
adoption pattern of the users, and therefore we temporarily
ignore the different attributes associated with each adoption.
In other words, we refer to a social sharing system S as a
tuple S = (U, D,Y), and each adoption is represented by
(u,d,t) €Y.

What we are interested in is to estimate P(d|u,t), the
probability that user v would adopt item d at time ¢t. We
assume that when a user tries to adopt some items, he is
likely to choose a particular user (e.g. someone he has been
following) and then pick an item from the set of items that
this user has already adopted. In this way the probability
that a user u chooses another user ' in this process corre-
sponds to the extent to which u is influenced by u’. We will
describe shortly how this can be extended to accommodate
other possibilities as described above.

Firstly, we define P(d|u,t) as follows:

P(dlu,t) = > P(u'|lu)G(dlu, 1), (1)

u'eU

where P(u’|u) represents the probability that u would pick
u’ when he attempts to adopt something. Thus, this reflects
the degree of implicit influence of w’ on u. G(d|v’,t) repre-
sents the probability that item d is chosen when ' is picked
by u at time t. In other words, whether u adopts d depends
on the influences of some earlier adopters of this item and
the importance of the item with respect to those users. If
P(u'|u) > 0, we say that v’ is an influencer of u with the
degree of influence equals to P(u'|u). Note that we only
focus on the times at which the user u adopts something,
therefore we have ), P(d|u,t) = 1.

While it seems that Equation 1 only models (a) above, it
can be easily extended to accommodate all other options. To
do this, we only need to introduce some ‘virtual users’ whose
G(d|u',t) are calculated differently. We describe these users
in detail as follows.

9For example, the recently bookmarked items and pop-
ular items under the tag photography can be found at
http://delicious.com/recent/photography and http://
delicious.com/popular/photography respectively.
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Figure 1: Situation in which a user is considered to
be influenced by some other users who adopted an
item earlier.

a. Influence of Other Users.

Firstly, we model the case in which a user u picks another
user v’ and adopts an item from the collection of u'. An
aspect that we want to consider in particular is whether a
user will only be influenced to adopt items recently adopted
by their influencers. In other words, while v’ may have a
large collection of items, v may tend to adopt items that u’
recently adopted, because for example these items are more
visible to u. Hence, we can define the probability G(d|u’,t)
in a way that only items that have adopted by «’ in a certain
time frame have non-zero probabilities (see Figure 1 for an
illustration of this idea):

G(du, 1) = { Tamy 40 EY ALt <n
0 otherwise ,

(2)
where H(v',t,7;) = [{d|(v/,d,t') € Y At —t' < 7;}] is the
number of items adopted by v’ in the period [t — 7;,t), and
7; < t. In terms of learning the model parameters, this has
the effect that «’ will not be considered as an influencer of u
if u’ adopted d at a time much earlier than any time within
the specific period. Of course, this can be easily extended to
consider the whole timeline by setting 7; = ¢. In addition,
using the above equation means that when user v’ has a lot
of items the probability of picking one item from this user
will be small. This is reasonable because user v who has
chosen u' faces a lot more choices in this case than if he
chooses another user who has much fewer items.

b. Recent Items.

Secondly, we use u, to represent a virtual user who is
responsible for ‘influencing’ ordinary users to adopt recent
items (Option b). Thus P(u,|r) represents the probability
that a user would pick an item that was recently adopted
by someone. G(d|ur,t) can then be calculated using the
following equation:

®3)

1 . !
—— ift—t, <
d r t) = M(t,mr) ! 4=
G(d|ur,t) { 0 otherwise ,

where M(t,7r) = |{d|(u,d,t") € Y At —t" < 7.}| is the
number of unique items being adopted in the period [t —
Tr,t), and t; is the time at which d was last adopted. In
other words, the probability is uniformly distributed among
all documents that have been adopted once or more in the
specific period. By choosing a small value for 7, (e.g. 1
day), we can then assign probabilities to documents that
have recently been adopted.

c. Popular Items.

Likewise, we use u, to represent a virtual user who is re-
sponsible for ‘influencing’ ordinary users to adopt popular
items (Option ¢). Thus P(up|r) reflects how likely a user
would adopt an item that is popular. Note that there can
be different definitions for ‘popular items’. For example, this
can refer to items that have recently attracted a lot of atten-
tion from users, or it can refer to the all-time popular items
determined by the absolute number of times they have been
adopted over the entire history. To accommodate different
settings, we choose to model the probability G(d|up,t) as
follows:

_ N(dythP)
Zd’GD N(d',t,7)

where N(d,t,7p) = |{u|(u,d,t") € Y At —t' < 7,}| is the
number of users who adopt d in the period [t — 7p,t). In
other words, an item is more likely to be picked if it has
been adopted by more users in the specific period. Hence, to
model the case in which users are presented recently popular
items, we can choose a certain value for 7, (e.g. 30 days).
We can also choose 7, = t to model the case in which the
system presents users with all-time popular items.

G(dluyp, 1)

(4)

d. Random Picking.

Besides picking an item from the recent or popular list of
items, a user can just randomly pick an item while browsing
randomly in the social sharing site. Hence, we introduce us
as a virtual user who is responsible for ‘influencing’ users to
adopt a random item. Using the definition of the function
M above, we define G(d|us,t) as follows:

1
MD) )

where M(t,t) returns the number of unique items in the
system up to time t.

G(dJus,t) =

e. New Items.

At times, users might not be influenced by any of the
users or items in the system. Instead, they find something
extern to the system (items that have not been adopted by
the users of the system before) and introduce them into the
system.'® To model such a case, we introduce a virtual user
Uy, for the purpose. P(un|u) is therefore the probability that
user u would introduce a new item to the system. Given
the temporal item adoption pattern, we can easily estimate
P(uy|u) using the following equation:

’ /
Plunlu) = {d|(u,d,t") € Y Nt fld}|7 (6)
{dl(u,d,t) € Y}

where [4 is the time at which d is first adopted by some
users. In other words, this is simply the ratio of number of
times this user is the first to adopt something to the total
number of items this user has adopted up to time ¢. In prac-
tise, it would be more realistic to consider the user as the
first to adopt an item if he adopts at the first time unit (e.g.
the first day on which the item is introduced). Note that in
the case of introducing a new item, G(d|un,t) is irrelevant

10Clearly, a user may still not be influenced by the users
or items in the system even though an item appeared in
the system before. However, this becomes indistinguishable
from the random picking scenario, so we choose to ignore
this option in our model.
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Figure 2: A user selecting from one of the five
choices when he attempts to adopt an item.

because there is no documents to pick. Also, for each user
u, P(un|u) can be estimated easily by counting the number
of such occurrences in the training period. Hence, we can
treat P(un|u) as a constraint while estimating all the other
P(u'|u). We will discuss about this in the next section.

As a summary, Figure 2 depicts the different possible ac-
tions that a user can take while attempting to adopt some
items.

Having defined the probabilities G(d|u’,t) for all the real
and virtual users, we can then extend Equation 1 as follows,

P(d|u,t) = Z P(u'[w)G(d|v, 1), (7

u €U »

where Ua = U U {ur, up,us}. Note that we assume that
every user can only adopt an item once, and therefore a
user will never be considered to be influenced by his own
earlier adoptions. As a result P(u|u) always equals to zero.

3.2 [Estimating the Probabilities

In a history of user activities, we can observe events in the
form of (u,d,t). Hence, we can estimate the probabilities
P(u'|u) based on a set of training data by maximising the
likelihood. Here we describe how this can be done using
the EM algorithm. However, it is also possible to use other
methods such as Markov chain Monte Carlo techniques.

The log likelihood of a history of user u’s activity is given

by:
log L., = Z Z log Z

t deD u €U »

uu)G(du' ). (8)

We seek to maximise the log likelihood under the constraint
that > cur,Uuny P(u'|u) = 1. Since for each user u we
can obtain P(un|u) beforehand, our constraint becomes

> Pu

u' €Uy

"u) =1 — P(un|u). 9)

The conditional expectation of the complete-data log likeli-

hood with the constraint to be maximised is as follows:

Qu=2>.> > P

t deDu'eUy

+A Y Pu'u) -

u' €U 4

u'|u, d, t) log P(u'|u)G(d]u, t)
(1 = P(un|u))), (10)

where ) is a Lagrange multiplier. In the E-step, we compute
the posterior probability using the Bayes rule:

/ /
P(u'|u,d, t) — P('LL ‘U)G(d|u at) .
S wrew, P l)G(dh, 1)
In the M-step, we obtain the next estimate of the proba-

bilities P(u|u) by maximising Equation 10 with respect to
P(u'|u) as follows:

(11)

<) D Pl

t deD

u,d,t). (12)

By iterating the E-step (Equation 11) and the M-step (Equa-
tion 12) until convergence, we obtain an estimate for P(u'|u).

3.3 Illustrating Example

In Table 1 we show an illustrating example of estimating
implicit influence among users in an online social sharing
system. The figure in Table 1(a) depicts the temporal adop-
tion pattern of 4 users involving 2 different items. By setting
7; = 5 (so that a user’s adoption is considered to be influ-
enced by other users’ adoption within 5 days), 7» = 1 and
Tp = 10, we use the above method to estimate the proba-
bilities P(u'|u), which are shown in Table 1(c). We can see
that P(un|us) = 1 because u, did not adopt any item after
other users, and all items he adopted were new to the sys-
tem. In contrast, P(uq|uy) = 0.333 because u;, adopted two
items after u,. However, we also see that P(us|us) = 0.333
and P(up|up) = 0.333, so the distribution suggests that it is
possible that up might just have adopted the items because
they were popular or because he randomly picked them. Fi-
nally, for uq we can see that the probabilities are no longer
evenly distributed. This is because uq actually picked a less
popular item d, at ¢ = 8. Hence, it is estimated that ugq is
more likely to be influenced by up or to randomly pick an
existing item.

4. EXPERIMENTS

We study whether our proposed model can be used to
capture implicit influence among users by performing ex-
periments on a large dataset collected from Delicious. While
in Delicious a user can add other users to his own network
so that he can be notified of the items adopted by these
users, such function was not available in the first few years
of the service. The dataset, described in [27], is distributed
by the authors for research purpose. It contains the book-
marking activities of over 950,000 users, involving over 50
million items (URLs) and spanning the period between Sep
2003 to Dec 2007.''. Since the dataset only contains the
date on which a certain item was adopted, the time in all
our experiments on the dataset is measured in days.

To avoid data sparsity, instead of working on the whole
dataset, we choose to train our model on each of the 50 most

Yhttp://wuw.dai-labor.de/index.php?id=1726



(a)

()

/'/_\\u,,’/'::—“—\‘\ \\\& User | Item | Time Influence P(u'|u)
Uq dy 0 u
8”3 8”1) ch gud Uq dy 0 Uq up Ue Uq Uy Up Us Uy,
| | 1 | Up dy 3 Ugq - 0.000 | 0.000 | 0.000 | 0.000 | 0.000 [ 0.00 1.000
0 3 7 8 Up dy 3 up | 0.333 - 0.000 | 0.000 | 0.000 | 0.333 | 0.333 | 0.000
de Ddy de Ddy dXD Ddy Ue dy 7 uc | 0.000 | 0.333 - 0.000 | 0.000 | 0.333 | 0.333 | 0.000
Uq dy 8 ug | 0.000 [ 0.479 | 0.000 - 0.000 [ 0.042 | 0.479 | 0.000

Table 1: An illustrating example of item adoption. (a) depicts the the times at which the four different users
adopted some items, and also the items they adopted. Here, we set 7, = 5. The arrows indicate implicit
influence deduced from the adoption pattern. (b) shows the tuples corresponding to the pattern in (a). (c)
shows the estimated probabilities P(u'|u) based on the adoption pattern.

design blog software web
tools reference programming | music
video webdesign free web2.0
art css linux howto
tutorial news photography | business
javascript development | blogs ajax
google tips mac flash
internet games windows shopping
technology search opensource fun

java online security politics
education travel books science
humor inspiration funny cool
php food

Table 2: The 50 most frequently used tags in the
Delicious dataset (in descending order of frequency
from left to right and top to bottom).

frequently used tags in the dataset (see Table 2).12 The sub-
datasets are obtained by collecting all users who have using
the chosen tags and all items that have been assigned the
chosen tags. In addition, to reduce the size of the dataset
for more efficient processing, we remove users who have only
adopted one item.

4.1 Predicting Item Adoption

As a first experiment, we study whether the probabilities
P(u'|u) can be used to predict future adoption of the users.
In other words, we want to study the accuracy of our model.

Firstly, we split the dataset into two parts by choosing a
timestamp ¢, € [0, 7] where T is the end of the timeline of
the dataset. We train the model using adoption histories
of users in the period [0,t;], and test our model on those
in the period after t,. For a particular user u, using the
probabilities P(u’|u) obtained from the training process, we
predict the next items that will be adopted by u after time
t.

This is done by first calculating the probability P(d|u,t)
using Equation 7 and then ranking the items in descending
order of their probability of being adopted by the user u. We
consider it successful if the next items adopted by the user
appears in the top m results of the ranking.'® To formally
describe our performance measure, we first let topm (u,tz)

12We ignore the tag imported because it does not represent
a coherent topic and is only used to indicate that a certain
URL was imported from an external source.

13Instead of only considering the single top-ranked item, this
method is chosen because the user can adopt the highly

be the set of top m results in the ranking, and let Dy ;
be the next n items adopted by user u starting from time
tz. We then define accuracy, our performance measure, as
below:

_ [topm (u,tz) N Dy 4, |

accuracy(u, tz,n)
n

(13)
The value of accuracy ranges from 0 (when not a single item
from the next n items adopted by the user appear in our pre-
diction) to 1 (when our prediction contains all the n items).

As for the experiment, we train a separate model for each
of the 50 datasets, which correspond to the 50 selected tags.
All training periods on average involve 20,000 users and
40,000 items. In each case, we use the first 700, 800, 900
and 1,000 days as training data, and hence we calculate ac-
curacy for t, = 700,800,900 and 1,000. We set 7. = 1
(considering items adopted in the previous day as recent
items) and 7, = 30 (considering only items that have been
adopted in the last 30 days when looking for popular items).
In addition, we test our model on different values of ; (the
‘memory’ period of influence), including 30 days, 60 days
and 90 days.

To select users for evaluation, we use the following proce-
dure. Firstly, we randomly sample 1,000 users in each case
and collect the next 10 items (n = 10) they adopt in the
testing period. Users and items that did not appear in the
training period are ignored. We then use the probabilities
P(u'|u) obtained in the training period and Equation 1 to
come up with a ranked list of items. In our experiment we
set m = 50, i.e. we check if the next items adopted by the
users appear in top 50 positions in the list. Finally, we cal-
culate the average accuracy of the results using Equation 13.

To gain a better understanding of the performance of
the model, we compare our model with a simple k-nearest-
neighbour collaborative filtering (C.F.) method. For each
user, we consider k other users who are most similar to this
user based on the cosine similarity of their adoption histo-
ries, which we represent by using vectors of 1 and 0 indicat-
ing the items they have adopted. We weight the items by the
similarity of the users who have adopted them, and produce
a ranking of items in descending order of such scores.

Figure 3 show the accuracy of the model using different
parameters and different among of training data. Firstly,
we observe our model can be used to predict item adoption
at a much higher accuracy when compared with the simple
collaborative filtering algorithm. In other words, for a par-

probable items in an order different to the predictions made
according to the estimated implicit influences.
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Figure 3: Average accuracy of the model under dif-
ferent conditions across all tags, compared to simple
collaborative filtering..

ticular user, other users who have similar adoption histories
do not necessarily possess items that are interesting to him.
Instead, users who are found to be influential to a particu-
lar user form a good basis for predicting item adoption. In
addition, collaborative filtering tends to performance poorer
as the length of training period increases. This is probably
due to the fact that the sparsity of the data increases as
more and more new items are introduced into the system.
However, although we expect a longer training period will
provide more evidence for estimating the implicit influences
among users, we do not observer any significant differences
in accuracy across different lengths of the training periods.
We believe this may also be due to sparsity resulted from
the increasing number of users and items.

The above results actually reveal an interesting fact about
the importance of considering the temporal adoption pat-
tern when performing adoption prediction and in general
item recommendations. Influencers are not very different
from neighbours in collaborative filtering because they are
all found based on whether two users have adopted the same
items. However, in collaborative filtering a neighbour might
actually be a follower of the user in question (in which case
they would have similar adoption histories), an item that
this user adopts at time ¢ is then likely to be adopted by the
neighbour only at a time after ¢, thus leading to the failure of
predicting the adoption of this particular item. In contrary,
considering the temporal pattern avoids mistaking followers
as neighbours in item recommendation.

On the other hand, we observe that accuracy is highest
when 7; = 60. Recall that a later item adoption is con-
sidered to be influenced by an earlier adoption by another
user only if the time difference between these two adoptions
is shorter than the chosen value of ;. Hence, our results
show that implicit influence between users is subjected to a
certain time frame. In other words, a user adopts an item
not because of a uniformly distributed influence from all the
users who adopted it before him, but only due to the in-
fluence from users who recently adopted it. This aspect is
probably related to the fact that when a user browse another
user’s collection of items, he is usually presented with the
latest adoption first. From a computational perspective, this
is also a desirable characteristic because it means that we
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Figure 4: Scatter plot of accuracy against R, the
ration of influence from other users to self-influence.

do not have to consider the whole timeline when estimating
implicit influence among users.

4.2 Self-influence and Predictability

Intuitively, it is reasonable to suggest that the strength of
implicit influence among the users would vary across differ-
ent communities. We can imagine that in some communities
users are more independent from each other such that item
adoption is less predictable from the relations among the
users, and the opposite case can be true in other commu-
nities. For the latter it can be expected that prediction of
adoption can be more accurate because users are more likely
to pick something from their influencers. From our experi-
ment, we also find that there are differences across different
topics (tags). To study this, we first introduce R as a ratio
defined as follows for a model trained on a particular tag:

Z’MGU Zu’éU,u?ﬁu’ P(U/IU)
ZuGU Zu’e{un,us} P(ul|u)

In other words, R reflects whether on average the users who
have used the tag are more influenced by other users or
are more ‘self-influenced’ (i.e. tend to introduce items by
themselves without paying attention to the items adopted
by other users). The larger the value of R, the more likely
are the users influenced by other users when adopting an
item.

Figure 4 shows a scatter plot of accuracy against the R
value for each of the 50 tags, with a training period of 800
days and 7; = 60. It can be seen that there is a positive
correlation between the two variables (r = 0.69). In other
words, in some topics some users tend to follow the other
users, while in some topics users tend to introduce new items
or pick items without paying much attention to the collec-
tions of other users. For example, the user communities
corresponding to the tags javascript and css score much
higher in both R and accuracy than those corresponding to
the tags free and howto. In other words, communities of
more specific topics seem to involve stronger implicit influ-
ences among the users.

Our discussion here highlights one important aspect of

R:

(14)



the probabilities of implicit influence estimated using our
method. Given any dataset, it is likely that many users
may be estimated to have influence on some other users be-
cause of their relative order of item adoptions. However,
these probabilities are more meaningful when compared to
the probabilities of the users being independent from other
users. In other words, we should use the R value to get an
idea of the strength of implicit influence among users with
respect to a certain topic. More generally, the ratio R can
be used to determine whether implicit influence is strong
enough among users in a social sharing system and whether
our approach can be used to complement conventional col-
laborative filtering techniques in recommendation systems.

4.3 Adoption and Influencers

Besides studying the accuracy of our proposed model, we
also want to study whether the influencers identified by our
model continue to influence other users in the testing period.
While this cannot be directly verified, we can study this
indirectly by checking whether items adopted by a user were
items adopted by his influencers at an earlier time.

To facilitate our study on this aspect, we introduce a new
performance measure here. We define a score S to measure
the extent to which user adopts items that have been already
adopted by their influencers in the past. Recall that D, is
the set of items that are adopted by user u at time t. Let
1, be the sequence of influencers of u ordered in descending
order of their influence (P(u'|u)) on u. We first define a
function ¢(I.,d,t) as follows:

| minger, (rank(u)) i 3 <t (v,d,t') €Y
q(Lu, d,t) = { oo otherwise,

(15)
where rank(u’) returns the rank of u’ according to his in-
fluence on the current user u (lower rank means higher in-
fluence). In other words, ¢ returns the rank of the most
influential user on v who has adopted item d at an earlier
time. We then define S(¢), which ranges from 0 to 1, as
follows:

1 1 1
S(t):mZID Z Tl (16)

welU wtl deDy 1

By this definition, S will attain a higher value if it happens
that more documents adopted by the users in the testing
period have been previously adopted by their influencers.
To give an idea of the range of S, S = 1 if all documents
adopted by the users in the testing period can be found in
the collections of their most influential users, and S = 0.1 if
on average the items adopted are found in the collection of
the 10th influential users.

We compare our proposed model with other methods.
Firstly, we consider again the simple k-nearest-neighbour
collaborative filtering method, and generate a ranking of
users based on their similarity to the user in question. Sec-
ondly, we consider a baseline random method in which a
group of k£ randomly selected users are considered. In our
experiment, we set k to be the same as the number of influ-
encers of a user.

To perform our experiment, we use the first 500 days in
our datasets as training data, and estimate the influence
probabilities among the users. We then treat the next 7 days
as a testing period and calculate the averages of S(t) across
these 7 days. After that we include these 7 additional days
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Figure 5: Result of the experiment on how likely
users adopt items that have been adopted earlier by
their influencers. We only show values of every 50
days here for clarity.

in the training data and repeat the process. We terminate
after we have processed 1000 days of adoption history. In
this experiment we set 7; = 60 because it gives the best
performance as described above.

Figure 5 shows the results of our experiment. We can
see that our proposed model outperform the baseline C.F.
method more and more as we have a longer training period.
At the end of the timeline, we have S approximately equals
to 0.08 for our model, meaning that on average when a user
adopts an item, it has been adopted by the 12th most in-
fluential user of this user, compared to about 0.03 for C.F.,
which corresponds to the 33rd most influential user. It shows
that instead of adopting something from their similar users,
we found that users are more likely to adopt something from
their influencers found based on our proposed model.

This result also has implications on recommendation in
a social sharing site. In general recommendation systems
aims at recommending potentially interesting items to users.
However, we can also consider a new recommendation task
of recommending users who would possess items that may
be interesting, thus allowing a user to choose some other
users to follow in order to discover something new and in-
teresting in the future. Our experiment shows that instead
of similar users, recommending influential users results in a
higher chance of discovering interesting items.

S. RELATED WORKS

Topics related to online social networks, in particular dy-
namics of information diffusion and social influence, have
recently attracted the attention of a lot of researchers from
different disciplines. This interest is largely due to the re-
cent surge in the popularity of online social networking sites
and the potential of viral marketing in these networks [15,
19]. Research in this area is mainly motivated by the prob-
lem of identifying influential users or early adopters for the
promotion of certain products among a group of people [5,
20].

While in the past it was difficult to collect data regarding
social interaction and information diffusion among a large
number of people, the rising popularity of online social net-



working and sharing sites in recent years have provided an
excellent opportunity for the study of real world social net-
work data. Data can be collected easily from social network-
ing sites, some of these even provide API for accessing their
public data. As a result, there have been quite a number of
studies that analyse social influences and information cas-
cades in specific networks such as an online recommendation
network [16], Second Life [2], Flickr [1, 7], and Wikipedia [8].

Several methods have been proposed to model social in-
fluences and information diffusion in social networks. In
general, in the literature a threshold model is usually con-
sidered, in which a user would adopt an item if influence
from his neighbours who have adopted the item reaches a
certain threshold [9, 12]. There are also different propos-
als of estimating influences among users in a social network.
For example, Song et al. [25], propose to use a Markov chain
generated from the relative order of adoption of the users to
model information flow in a network, and use this model
to perform personalised recommendation. However, they do
not consider a restriction of the length of time over which
users are considered to influence each other. The authors
also proposed another model [24] based on continuous-time
Markov chain for studying the diffusion rate of information
in a social network. Tang et al. [26] introduce the notion
of Topic Affinity Propagation to model social influence in
a network with respect to different topics, which are ex-
tracted by using topic modelling methods. However, it does
not consider the relative order of adoption of the users in
the network. In contrast to these previous works, we pro-
pose a model to capture implicit influence among users with
no explicit social ties. We also consider other factors that
would affect the users’ choice of adoption.

On the other hand, the results presented in this paper
are also highly relevant to research on recommendation sys-
tems based on social sharing data. Since users explicitly
express their preferences in social sharing sites, these sites
offer valuable resources for performing item recommendation
to users based on their profiles. For example, Shepitsen et
al. [22] generate personalised recommendation by matching
user profiles to clusters of tags obtained from a hierarchical
clustering process. Bogers et al. [6] and Parra et al [18]
present comparative studies of different collaborative filter-
ing techniques on CiteULike. There are also attempts to
make use of the explicit social ties in social tagging systems
to improve performance of collaborative filtering and recom-
mendation [14, 23]. However, influences among the users, in
particular the implicit influences based on the relative order
of actions performed by the users, are seldom considered in
previous studies of collaborative filtering.

6. CONCLUSION

We study how implicit influence can be captured using a
probabilistic model and with some consideration of the de-
sign of a social sharing system. By analysing the temporal
adoption pattern, our model can be used to estimate the
probabilities of influence among users, which can be used
to predict future item adoption more accurately than us-
ing collaborative filtering. We also find that users are more
likely to be influenced by other users’ recent activities, such
that it is important to focus on a specific time frame when
attempting to capture the implicit influence. Overall, our
work suggests that while its strength varies across different
topics, in general implicit influence is present among users in

Delicious and it can be a valuable piece of information that
can be used to complement collaborative filtering techniques
to generate recommendations to users.

While we make use of the term implicit influence in this
paper, the relation among users represented by the probabil-
ities can also be interpreted as one between early adopters
and followers/latecomers. An early adopter is more likely
to introduce new items to the community or adopt items
shortly after they are introduced, and thus have a higher
probability of influencing other users. A follower, in con-
trast, is more likely to adopt some items only after they
have become popular, and thus have a lower probability of
influencing others users. However, in some cases, an early
adopter does not necessarily have great influence on other
users. It has been shown that in online social sharing it is
not uncommon that some items remain dormant after they
are introduced to the system and only gain popularity after
a relatively long time [7]. Since our model considers only a
limited period instead of the whole adoption history while
estimating influence among users, we believe our method
should be able to identify users who are truly responsible
for the rising popularity of some items. A closely related is-
sue is that if we can identify this kind of users, we can then
use them as a basis for estimating the an item’s potential
of becoming popular in the future. Therefore, we expect to
look into this aspect in our future work.

In addition, we see several other possible direction of fu-
ture research that stems from our current work. In this
paper, we work on the datasets of different tags. However,
since there exist quite a lot of synonymous tags in Delicious,
a single tag might not cover all users and items that are as-
sociated with a particular topic. Hence, we plan to employ
some methods of clustering or topic modelling in order to
generate some comprehensive datasets and study how this
would improve the performance of prediction of item adop-
tion. Moreover, while we only consider the patterns of adop-
tion in this work, it has been shown that taking descriptions
contributed by users (e.g. tags) into account tend to im-
prove performance in collaborative filtering [17]. Therefore
we plan to extend our model by considering also whether two
users use similar tags, and see if this will allow us to improve
its performance. Finally, we are also interested in applying
our model to other social sharing systems and study if there
are any differences across systems due to variations in sys-
tem design or user behaviours.
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