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ABSTRACT Social networking services
have been prevalent at many online
communities such as Twitter.com and
Weibo.com, where millions of users keep
interacting with each other every day. One
interesting and important problem in the
social networking services is to rank users
based on their vitality in a timely fashion.
An accurate ranking list of user vitality
could benefit many parties in social network
services such as the ads providers and site
operators. Although it is very promising to
obtain a vitality-based ranking list of users,
there are many technical challenges due to
the large scale and dynamics of social
networking data. In this paper, we propose a
unique perspective to achieve this goal,
which is quantifying user vitality by
analyzing the dynamic interactions among
users on social networks. Examples of social
network include but are not limited to social
networks in microblog sites and academical
collaboration networks. Intuitively, if a user

has many interactions with his friends
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within a time period and most of his friends
do not have many interactions with their
friends simultaneously, it is very likely that
this user has high vitality. Based on this
idea, we develop quantitative measurements
for user vitality and propose our first
algorithm for ranking users based vitality.
Also we further consider the mutual
influence between users while computing the
vitality measurements and propose the
second ranking algorithm, which computes
user vitality in an iterative way. Other than
user vitality ranking, we also introduce a
vitality prediction problem, which is also of
great importance for many applications in
social networking services. Along this line,
we develop a customized prediction model to
solve the vitality prediction problem. To
evaluate the performance of our algorithms,
we collect two dynamic social network data
sets. The experimental results with both data
sets clearly demonstrate the advantage of
our ranking and prediction methods.
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INTRODUCTION With the development
of web technology, social networking
service has been prevalent at many online
platforms. The social networking service
facilitates the building of social networks or
social relations among users who, for
instance,  share interest,  activities,
background and physical connections.
Through such service, users could stay
connected with each other and be informed
of friends’ behaviors such as posting at a
platform, and consequently be influenced by
each other. For instance, in today’s Twitter
and Weibo (one of the most popular social
networking sites in China), a user can get
the instant updates about his connected
friends’ postings and could further retweet
or comment the postings. Within a time
period, millions of users may take different
actions such as posting and retweeting at
these social networking sites. One
interesting and important problem is how to
rank users based on their vitality with
historical data [10]. An accurate vitality
ranking of users will provide great insight

for many applications in most online social

networking sites. For instance, online ads
providers may make better strategy for
delivering their ads via considering the
ranked vitality of users; site operators may
design better practices for online campaigns
(e.g., online survey) via leveraging the
ranking list. While it is very promising for
many parties to provide a vitality ranking of
users, there are many technical challenges to
tackle this problem. First, to decide the
vitality of a user, we could not only examine
his own interaction with others, but also
need to look into the interactions of other
users collectively. For instance, suppose one
user has had many interactions with most of
his friends in a time period, we may
conclude different vitality of this user when
most of his friends also have had many
interactions in the same time period versus
when most of his friends do not have had
many interactions. Second, as the scale of
social networks increases, it becomes more
challenging to rank the vitality of users
because a large number of nodes (users)
may influence the vitality of an individual
node (user). Third, as the social networks in
many online sites evolve over time, the
vitality of users may also change over time.
Thus efficient methods are needed to

dynamically obtain the vitality of users at
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different times. In the literature, researchers
have made some efforts on ranking users in
social networking sites. For instance, in
[19], a Twitter user ranking algorithm was
proposed to identify authoritative users who
often submit useful information. The
proposed algorithm mainly works based on
the user-tweet graph, rather than the user-
user social graph. In [18], an extension of
PageRank algorithm named TwitterRank
was developed to rank Twitter users based
on their influence. They first build topic-
specific relationship network among users,
then apply the TwitterRank algorithm for
ranking. In [7], a modified K-shell
decomposition algorithm is developed to
measure the user influence in Twitter.
Furthermore, in [21], [5], [1], some explicit
measurements such as retweets and
mentions are developed to measure and rank
user influence in Twitter. However, most of
these measurements quantify the influence
in an isolated way, rather than in a collective
way. Furthermore, the focus of these
methods is on influence, which is still
different from the vitality that we address in
this paper. To this end, in this paper, we
propose two types of node vitality ranking
algorithms that analyze the vitality of all

nodes in a collective way. First, for a node A

that has many interactions with his friends in
a time period, if most of his friends do not
have many interactions with their friends, it
is very likely that the node A has high
vitality. Based on this intuition, we define
two measurements to quantify the vitality
level of each node and propose the first
algorithm. Second, by exploiting the mutual
dependency of vitality among all users
within a social network, we propose the
second algorithm that infers the vitality level
of users in an iterative way. Through the
iteration, all nodes’ measurements propagate
through the network and affect each other.
Thus the second algorithm is able to
collectively analyze the vitality score of all
nodes by considering the whole network.
Furthermore, upon our in-depth
understanding about user vitality, we
propose an improved model to predict the
vitality of users. The successful prediction
results will further benefit many applications
on social networking sites. Finally, we
conduct intensive experiments on both user
vitality ranking and prediction with two
large-scale real world data sets. The
experimental  results demonstrate the

effectiveness and efficiency of our methods.
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PROBLEM STATEMENT In the section,
we introduce the research problem of user
vitality ranking in the context of social
networking service. 2.1 Vitality Ranking in
a Social Network Many interactions often
keep going on within online social networks
over time. Examples of interaction include
but are not limited to the retweeting,
mention, and sending message. Our goal is
to rank user vitality based on all interactions
in a time period. Suppose that we have a
social network S that contains N users
(nodes) denoted as {Uj}1<j<N and L links
among users denoted as {Ejk}1<,k<N ,
where j and k are indices. We have recorded
all interactions between them within M
consecutive time periods Ti (1 <i < M). For
instance, we show an example social
network in Figure 1, where we have 7 nodes,
10 links with two time periods. For each
time period Ti, let us use 0 1 jk to denote the
number of interactions between node j and
node k, and SAi j to represent the
accumulated number of interactions between
node j and all other nodes. In a time period
Ti , we can get all interactions between all
pairs of nodes, which reflect the vitality of
all users in the time period. For instance, in
Figure 1, the number 28 above the Node A

means this user has 28 interactions with

others and indicates the vitality of user A.
For simplicity, we use Si to denote all
interactions of a social network S within a
time period Ti . Consequently, for a social
network S, we may have a sequence of Si (1
<1< M) within M consecutive time periods.
Our goal is to rank all users from high
vitality to low vitality for a time period Ti
based on all previously observed
interactions. Such a vitality-based ranking
list of users may provide a good guidance
for the social networking service providers
to understand the dynamics of systems.
They may directly find the relatively most
active users and make better operation and
business decisions upon the findings. Based
on the above description and notations, we
formally state the vitality ranking problem
as follows. The Vitality Ranking Problem
Given: A social network S that includes N
nodes Uj ,(1 <j <N), L links Ek,(1 <k <L),
and additional information 6 1 j possibly
available for each link. Within each of M
time periods i ,(1 <1 < M), we observe all
interactions between all users that are
denoted as Si (I < 1 < M). Objective:
Ranking all users based on their vitality
within each time period i (1 <1 < M). Note
that the given social network S in the above

vitality ranking problem is a connected
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graph, which means there is a path between
any nodes. Given a social networking
system, it is possible that multiple separate
social networks may exist, which are
completely separated. But we focus on the
node vitality ranking in a single social
network in this paper. In the following, a
social network indicates a connected graph
unless specified otherwise. For multiple
separate social networks, we may conduct
the vitality-based ranking for users in each
social network, and then develop a way to
merge the multiple ranking lists to obtain a
unified ranking list of all users. 2.2
Discussion about the Vitality Ranking
Problem First, the social network considered
in our problem is an undirected graph and
the interaction between two users is also
symmetric. Second, given the number of
interactions between all pairs of users, we
may count the number of all interactions for
each user and rank them based on the count.
However, given the number of interactions
between two nodes (users), it is challenging
to infer which one contributes how much to
all interactions. Thus, it may not be accurate
to rank all users based on the accumulated
count of all interactions. Third, this problem
is different from many existing node ranking

problems such as webpage ranking. Most

node ranking algorithms could not be
directly used for this problem because the
goal is to rank nodes based on the dynamic

interactions that actually evolve over times.

The Algorithm Time Complexity Analysis
In this section, we will discuss the time
complexity of our algorithm. For
convenience, we can analyze the time
complexity with operations of each edge and
define the number of edges as Nj , |
indicates the period of the data. First, we
focus on the time complexity analysis within
one iterative. In first iterative, the initial
vitality score calculation of each node is
linearly related with the number of edges,
because each individual operation is
allocated the weight of each edge. In one
operation, we need to calculate the initial
score of two connected nodes and allocated
the weight to those two nodes with our
algorithm, which indicate the time
complexity of each operation is a
constant(denotes as a). After allocating all
link weights to nodes, one iterative is
finished and the time complexity of one
iterative is a * Ne, where Ne denotes the
number of edges. If we assume the number

of iterations is M, it’s easy to know that the
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time complexity of out algorithm is a * M

Ne which can be written as O (M * Ne).

PREDICTING THE USER VITALITY In
this section, we introduce and address the
problem of predicting the user vitality based
on the model and inference of user vitality in
a social network. The successful prediction
of user vitality could benefit many
applications in most social networking sites
such as Facebook and Twitter. Particularly,
as the number of users in most social
networking sites is very large, it is very
important to know in advance who will be or
will not be very active in the future. First,
the site operators may design early and
useful strategy to encourage inactive users to
interact with others and content. This could
help them maintain the global user vitality
of a social networking site. Second, the site
operators may also decide better ads display
strategy by using the future user vitality. For
instance, they may deliver and display
interesting ads to active users rather than
inactive users as the former group has better
chance to propogate the ads to others or
click the ads directly. This could help them
not only save cost for ads display, but also
target potential users in a more accurate

way, which will consequently help them

improve their ads revenue. Particularly, in
this paper, we will show the prediction of
vitality for those users who are ranked on
the top because these users often have high
influence in the social networks and could
bring more benefit to social networking sites
if predicting their vitality successfully. Other
than predicting the vitality of individual
user, we also address the prediction of
vitality for a group of users in this paper. As
we know, there are many groups formed in
social networking sites. Users in each group
often behavior very similarly. For instance,
they often chat, tweet and re-tweet with each
other. While it may be very challenging to
predict the vitality of each single user, it
may be easier to predict the aggregate
vitality of a group of users. Plus, the
successful prediction for a group of users
could be beneficial for many parties on
social networking sites as well. 4.1 Basic
Forecasting Model There are some existing
models that could be used for predicting the
dynamic vitality score, such as Markov
model [17] and exponential smoothing
forecast [3]. Based on the characteristic of
the data from social networking system, we
choose the triple exponential smoothing [3]
to predict the dynamic vitality score of each

user in this paper. Furthermore, we also
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propose a way to obtain the vitality score of
a group users with the triple exponential
smoothing.The Improved Model For
Predicting the Ranking Score As we know,
in the triple exponential smoothing model,
there are two important parameters which
affect the prediction result: the smoothing
factor o and the initial smoothed value. For
the initial smoothed value, we use the
average of the vitality scores of users in the
last time periods as the initial smoothed
value. For the smoothing factor a, it is
difficult to get the ideal value. Furthermore,
in the social network systems each
individual node has independent smoothing
factor because each node indicates an
individual user who has unigque behavior in
the system. If we want to predict the vitality
score of each node, we have to find the
smoothing factor a for each node. In this
paper, we use the weight-based method to
adjust the factor based on previous
information. For example, to predict the
vitality score of the user j in time period i +
1, the initial smoothed value is generated by
the sequence [ta 1 jta 2], . . tai-1j].
Furthermore, the smoothing factor o is
generated within time period i and we will
use the vitality score of time period i — 1 to

predict that in time period i. Then we will

use the simulated annealing method to
adjustment the smoothing factor. When the
simulated annealing method ends, we get an
appropriate result of the smoothing factor a
that will be used for predicting the vitality
score of period i+ 1. As we know, when the
value of smoothing factor is close to one, we
have less smoothing effect and give greater
weight to recent changes. On the other hand,
when the vitality score of a user is high and
the user has a great change in recent time
period, we assume this trend will continue in
next time period. Based on this intuition, we
can tune the smoothing parameter o with the
dynamic vitality score as shown in Equation
23.IMij= toijtai-1jtaij. (23)
Note that, the ta 1 j and ta i—1 j are positive
and the IMi j is less than one. So the

!

improved smoothing parameter o ' is also
less than one and the IM indicates the recent
changes of user j. With the improved
exponential smoothing model, we can
predict the vitality score of users in a
networking system. Firstly, we remove lots
of low-vitality nodes those average
interactions is less than one.Because their
behavior is difficult to predict and we only
focus on the relatively active nodes. After
learned the parameters of prediction model,

we can use it to predict the users’ future
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vitality score. Specifically, the input is the
computed users’ vitality score in the first N
periods. The initial smoothed value of each
node is calculated by the average vitality
score of first 3 periods. Then, we use
Equation 23 to generate the smoothing
factor a of each node. When we get these
two parameters, we can predict the users’
vitality score of time period N+1 with
Equation 21. We can even further rank users
based on the predicted vitality score in time
period N+1.

CONCLUDING REMARKS In this paper,
we presented a study on user vitality ranking
and prediction in social networking services
such as microblog application. Specifically,
we first introduced a user vitality ranking
problem, which is based on dynamic
interactions  between users on social
networks. To solve this problem, we
developed two algorithms to rank users
based on vitality. While the first algorithm
works based on the developed two user
vitality measurements, the second algorithm
further takes into account the mutual
influence among users while computing the
vitality measurements. Then we presented a
user vitality prediction problem and
introduced a regressionbased method for the

prediction task. Intensive experiments on
two real-world data sets that are collected
from different domains clearly demonstrate
the effectiveness of our ranking and
prediction methods. The accurate results of
both user vitality ranking and prediction
could benefit many parties in different social
networking services, e.g., a user vitality
ranking list could help ads providers to
better display their ads to active users and

reach more audiences.
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