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Abstract

This paper proposes an approach to discovering community
leaders in social network by means of a probabilistic time-
based graph propagation model. To conduct the approach,
we define an exponential decay function for influence as a
function of time, and build action-specific influence chains
by multiplying path propagation values; then, we create
general influence chains by normalizing over all possible
actions. In the study, our approach identifies community
leaders as those people whose initiated influence chains
are relatively more than the chains they involved. In our
experiments, a small Facebook network dataset with 134
nodes and 517 edges is employed to assess the performance
of the proposed method. In addition, several baselines are
also carried out for comparison, including three naive and
one user-involved approaches. The experimental results show
that, compared with the baselines, the proposed method
can effectively identify community leaders within the social
network, achieving 0.8 in terms of F-measure.

Categories and Subject Descriptors H.3.5 [On-line Infor-
mation Services]: Web-based services; J.4 [Social and Be-
havioral Sciences]: Sociology

Keywords Social Network Analysis, Path Mining, Opinion
Leader Discovery

1. Introduction

The rising of social websites, such as Facebook and Twitter,
has allowed people to connect and re-connect with friends,
colleagues, and family from across the world. Nowadays,
such websites are among the most popular sites on the Web
and still growing rapidly. Social networking data, such as user
interactions, is becoming tremendous and easily available. In
this paper we attempt to utilize users’ influence chains to
identify community leaders from social network.

The proposed approach contains two components: The
first one is based on a probabilistic graph propagation model,
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in which we use an exponential decay function to model the
influence between users. The second one is a leader discov-
ering algorithm, in which a hierarchy concept is employed
to identify community leaders from the influence chains ob-
tained in the first component. Because there may be some
irrelevant influence paths, we present a variant of Apriori
Probabilistic Path Mining (APPM) method to prune the ir-
relevant paths. After finding users’ influence chains, we then
use the hierarchy concept to locate community leaders.

In our experiments, a small-scale social network dataset
including 134 nodes and 517 edges is used to verify the per-
formance of the proposed approach. Compared with three
heuristic and one user-involved baselines, the proposed ap-
proach not only improves the accuracy of leader identification,
but also enables us to get more insight into a social network
via the mined influence paths.

2. Methodology

We describe the key concept of the proposed approach. Given
a social graph in Figure 1(a) and action logs in Table 1, we
first use exponential function as shown in Equation (1) to
transform the data into probabilistic propagation graphs in
Figure 1(b) and 1(c).
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By averaging all actions in a social graph in Equation (3),
where A is the set of all actions, we can identify important
propagation paths in a social network.
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Since there may some irrelevant paths, a variant of Apriori
Probabilistic Path Mining (APPM) [1] is applied to prune the
paths that have no sufficient support; after the pruning, pairs
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Figure 1. Social Graph and Probabilistic Propagation Graphs

User ‘ Action ‘ Time
Alice (A) Black Swan trailer (al) 1
Bob (B) Black Swan trailer (al) 2
Alice (A) Friend Martrix photo (a2) 2
Cathy (C) | Black Swan trailer (al) 4
Bob (B) Friend Martrix photo (a2) 4
Cathy (C) | Friend Martrix photo (a2) 5
David (D) | Friend Martrix photo (a2) 8
Eric (E) Black Swan trailer (al) 8

Table 1. Examples of Action Log

of top frequent (k — 1) paths are merged to form a k-path, and
then the merged paths are transformed as influence chains.

After finding influence chains from a social graph, we
then use the chains to discover community leaders. In the
proposed approach, we record the number of chains that each
user leads and gets involved. Our algorithm identifies leaders
according to the number of influence chains they initiated
and the number of influence chains they involved.

3. Experiments

In our experiments, a small-scale dataset collected from
Facebook is used to examine the performance of our proposed
method. The social graph contains 134 nodes and 517 edges,
and actions are defined as the postings containing links like
music video, movie trailer, news, and articles. The possible
response for an action/posting can be sharing the posting,
leaving comments for the action, or pressing “like” button
of the posting. For the ground truth, we ask three annotators
to label the dataset. The three annotators are all in the social
network of the dataset, and asked to give a list of top 15
community leaders in their mind. We use the intersection
of the three lists as our ground truth, in which there are 10
leaders remained. For comparison, according to [2], three
heuristic methods are carried out in our experiments as
baselines, including using the number of shares, comments,
and likes. In addition, we also conduct a more competitive
baseline than the three heuristic approaches, in which the
selection of action is user-involved. Three metrics are used
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Figure 2. Performance with Different Number of Chains

in our experiments for evaluation, including precision, recall
and F-measure. Below we report the experimental results in
terms of the three criteria, and provide some discussions on
the results.

Figure 2 shows the experimental results of using different
number of influence chains for community leader detection.
As shown in the figure, our method improves the detection
precision as the number of influence chains increases; how-
ever, in the other hand, recall and overall performance drop.
When the number of influence chains is set to be 3, we obtain
the best performance of 0.8 in terms of F-measure.

4. Conclusions

The contribution of this work includes the proposition of
the probabilistic time-based graph propagation model for
community leader discovery. In addition, we also present a
variant of the APPM algorithm to mine influence paths, and
then utilize the mined paths to discover community leaders.
For future work, we would like to study the effect of the
proposed method on ranking community leaders; in addition,
we also attempt to use machine-learning techniques to obtain
the optimal parameters within our approach.
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