Can Sampling Preserve Application Adoption
Process over OSN Graphs?

Mohammad Rezaur Rahman, Chen-Nee Chuah
{mrrahman, chuah} @ucdavis.edu
Abstract

Online social network (OSN)-based applications often rely on user interactions to propagate information or to recruit more users.
Understanding the adoption or cascade process of an idea, a product, or a new application over OSN graph is of great interest to
advertisers, application developers, and OSN providers. Such adoption or information cascade process is an example of ‘function’
on OSN graphs. In this work, we investigate if existing graph sampling techniques known to preserve static graph properties can be
equally effective in preserving dynamic ‘functions’ taking place over the OSN graphs.

There is a rich literature on sampling techniques that preserve static properties of social network graphs [1]-[4]. Leskovec et al.
[1] examined how well various sampling methods preserve nine different graph properties, and measured the performance of those
methods using D-statistic. It was found that Forest Fire algorithm performed best in preserving most of the graph properties [1].
Random walk is another commonly deployed technique in graph sampling [4]. Although different crawling and sampling techniques
start with a single randomly chosen node, Ribeiro and Towsley [3] proposed to use multiple uniformly sampled starting nodes to
randomly walk on the graph to prevent the walker from being trapped inside a small area of the whole graph.

As a first step towards understanding how well graph sampling techniques preserve ‘functions’ on networks, we consider OSN-
application adoption process as a case study. In our previous work [5], we have performed detailed characterization of the adoption
cascade of a popular Facebook gifting application, iHeart', in terms of the following properties: a) Cascade size distribution, b)
Cascade depth distribution, and c) Out-degree distribution of the cascade seeds. In this work, we examine to what extent can existing
sampling strategies capture a representative subset of user population to preserve some of the cascades properties mentioned above.

We explored the following graph sampling techniques with a modification to allow them to run on different communities of the
application adoption process: a) Random Degree Node (RDN): nodes are chosen randomly with degree weight, b) Random Walk
(RW): multiple uniformly chosen walkers walk on the graph, c) Breadth First Search (BFS): starts with multiple uniformly chosen
initial nodes instead of a single node, and d) Forest Fire (FF): starts with multiple uniformly chosen initial nodes instead of a single
starting node discussed by Leskovec et al. [1]; forward burning probability is 0.7. These sampling algorithms have been shown to
preserve the degree distribution with some corrections for biasness [2], [6]. However, due to the fact that random node sampling is
incapable of preserving connectivity [2], none of these algorithms seems to preserve any of the above application adoption properties,
as illustrated in Fig. 1.

Fig. 1(a) shows that FF preserves the cascade size distribution closely, but overestimates the very small cascades and underestimate
the very large ones. On the other hand, RDN, BFS, and RW all perform very poorly in preserving the cascade size distributions.
Unfortunately, all methods except BFS underestimate the cascade depth distribution 1(b), and out-degree distribution of the seeds 1(c)
is not preserved by any of the strategies. Our observations demonstrate the need for better graph sampling and streaming techniques
that can preserve dynamic features associated with specific ‘functions’ on networks, as opposed to traditional graph properties.

H 1e+00+
s
le-01- = :
Sampling Method " Sampling Method . Sampling Method
N No Samplin +, No Samplin: . . No Samplin
le-02- RS RONC PO A RON- PO 1e-02- P RON. P
w - RW w - RW w Tl - RW
a - BFS a e + BFS a s - BFS
o FF a FF o FF
= Ele—03f NX =
L 2 s L
S 1e-041 5 ‘5 1e-04
IS = S g £
w  ——— i} . L
- 1e-05- =t
' PN
1e-06- 1e-06-
1e+01 1e+03 _ 1e+05 0 20 40 10
Cascade Size Cascade Depth Out Degree
(a) Cascade size distribution (b) Cascade depth distribution (c) Seeds’ outdegree distribution

Fig. 1: Comparing application adoption properties with 10% sample size.
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