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• We propose to use the concept of shortest path for sampling social networks.
• The proposed algorithm is studied on several well-known synthetic and real networks.
• The proposed algorithm is compared with other well-known sampling methods in terms of RE, NMSE, and KS test.
• The experimental results show that proposed sampling method is a proper method for sampling social networks.
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a b s t r a c t

In recent years, online social networks (OSN) have emerged as a platform of sharing vari-
ety of information about people, and their interests, activities, events and news from real
worlds. Due to the large scale and access limitations (e.g., privacy policies) of online social
network services such as Facebook and Twitter, it is difficult to access the whole public net-
work in a limited amount of time. For this reason researchers try to study and characterize
OSNby taking appropriate and reliable samples from thenetwork. In this paper,wepropose
to use the concept of shortest path for sampling social networks. The proposed sampling
method first finds the shortest paths between several pairs of nodes selected according to
some criteria. Then the edges in these shortest paths are ranked according to the number
of times that each edge has appeared in the set of found shortest paths. The sampled net-
work is then computed as a subgraph of the social network which contains a percentage
of highly ranked edges. In order to investigate the performance of the proposed sampling
method, we provide a number of experiments on synthetic and real networks. Experimen-
tal results show that the proposed samplingmethod outperforms the existingmethod such
as random edge sampling, random node sampling, random walk sampling and Metropo-
lis–Hastings random walk sampling in terms of relative error (RE), normalized root mean
square error (NMSE), and Kolmogorov–Smirnov (KS) test.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

In recent years, online social networks (OSN) have emerged as a platform for sharing variety of information about users,
their activities, events and news in their real worlds. OSN similar to many real world networks modeled and represented
as a graph with a set of nodes (e.g., users of OSN) and edges (a certain type of relationship between users of OSN). It is
shown that for different OSNs there are common fascinating properties such as small-world and scale-free properties [1,2].
The nature of OSN is large, dynamic, complex, and also some part of these networks is not fully accessible due to computa-
tional or privacy settings and thus most of the time the direct access on these networks is not feasible [3]. Therefore, these
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networks [4–6] are studied and characterized via metrics (i.e., centrality measures) or techniques (i.e., sampling methods)
instead of access to the whole network [7–10]. In practice, researchers via sampling from networks can process information
in a reasonable amount of time and lower computational effort. From the sampled network which contains only a portion of
the whole data, one can reveal some hidden important properties of networks such as user age distribution, user activities,
user connectivity, and many more [11,12].

Let G = ⟨V , E⟩ be the input graph where V is the set of nodes with size n = |V | and E is the set of edges. Sampling is a
function f : G → Gs fromgraphG to sampled graphGs = ⟨Vs, Es⟩ such thatVs ⊂ V , Es ⊂ E, and |Vs| = φn, where 0 < φ < 1
denotes the sampling rate. Samplingmethods play an important role in preprocessing, characterizing, and studying real net-
works [7,9,13]. Sampling can be used to study a small part of networks while preserving main features of the original net-
work. In this paper, a samplingmethod for sampling social networks will be presented using the concept of shortest path. In
the proposed samplingmethod, we first find the shortest paths between several pairs of nodes which are selected according
to some criteria. Then the edges in these shortest paths are ranked according to the number of times that each edge has ap-
peared in the set of found shortest paths. The samplednetwork is then created as a subgraph of the social networkwhich con-
tains only a percentage of highly ranked edges/nodes. The proposed algorithm could be simply implemented using repeated
shortest path algorithm. In order to study the performance of the proposed sampling method, a number of experiments on
synthetic and real networks are provided. Experimental results show that the proposed sampling method outperforms the
existing method such as random edge sampling, random node sampling, random walk sampling, and Metropolis–Hastings
randomwalk sampling in terms of relative error (RE), normalized rootmean square error (NMSE), and Kolmogorov–Smirnov
(KS) test [14]. The rest of this paper is organized as follows. Section 2 introduces sampling methods in brief. In Section 3,
the proposed sampling method and some of its improvements are described. The performance of the proposed sampling
method is studied through simulations whose results are reported in Section 4. Section 5 concludes the paper.

2. Related works

There are a limited number of recent researches on studying, characterizing and estimating the properties of online social
networks via sampling. Several sampling methods have been proposed for sampling networks that can be categorized into
three main strategies in terms of collecting samples: random sampling, crawling based sampling, and coarse graining based
sampling.

• Random sampling: In random sampling, random selection is done based on either nodes or edges without consider-
ing its topological structure [15]. Random sampling including two main simple techniques: random edge sampling and
random nodes sampling. In random edge sampling (RES), an edge is selected at random and two nodes incident to the
edge collected for sampled network. In random node sampling (RNS), each node is selected uniform randomly to form
sampled network. RES and RNS due to simplicity are applicable for theoretical investigation. Also, due to simplicity of
these methods, some improved methods based on RES and RNS are developed for sampling networks in recent years by
researchers [16–18].

• Crawling based sampling: Crawling based sampling (also called topology based sampling or traversal based sampling)
such as breadth-first-search (BFS) [19], depth-first-search (DFS) [20], forest fire sampling (FFS) [21], snowball sampling
(SBS) [22], and randomwalk sampling (RWS) [23] have been used for collecting samples from networks. RWS iteratively
selects the next node uniformly at random among all adjacent of that node. In RWS, a node with more edges will have
higher probability of being sampled. Therefore, the sample mean tends to overestimate the average degree. It is noted
that due to the simplicity and efficiency of RWS a variety of random walks such as Metropolis–Hastings Random Walk
(MHRW) [24],Weighted RandomWalk (WRW) [25], StratifiedWeighted RandomWalk (SWRW) [25], Respondent Driven
Sampling (RDS) [26], and Distributed Learning Automata based Sampling method (DLAS) [27] are improved and widely
used in literature.

• Coarse graining based sampling: In coarse graining based sampling, the goal is to reduce the scale of networks, which
mainly used for network visualization applications to display in a limited screen [28]. In this method, several approaches
are presented such as clustering methods [29], k-core methods [30], and fractal based methods [31].

There are some special complexities and challenges in sampling from real networks which can be still discussed as new
research fields [15]. A good study for sampling from complex networks presented by Leskovec et al. [15]. They proposed
sampling method from large graph by introducing several basic methods with two goals: back in time and down scale. The
study has shown that RNS and RES do not provide appropriate results. In Ref. [19] Lee et al. presented that RNS performs bet-
ter than RES with respect to estimating the clustering coefficient of networks. Lu et al. studied sampling on Twitter data and
this research reveals that results of RWS is much better than results of RNS or RES methods [32]. An analytical comparison
between RWS and BFS sampling has been presented by Kurant et al. [8] to sampling from network. Their study indicates that
the degree of graph is overestimated by the BFS, while it is underestimated by the RW sampling. Therefore, they suggested
analytical solutions to correct the biasness of estimation. A practical framework for uniform sampling from Facebook users
has been developed based on crawling in Ref. [33]. In this study, the advantage of unbiased estimation of MHRW and Re-
WRW (RWRW) over random sampling and BFS has been addressed with comparing various approaches. Rejaie et al. tried to
estimate the number of users for MySpace and Twitter by generating sequential user id [34], but this technique is failed for
those online social networks where the user id is randomly generated. RDS was analyzed in Ref. [35] to reduce the biases
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associated with chain referral sampling of hidden populations and then later, sampling from Twitter using RDS has been
reported to characterize it [36]. They have shown through experimentations on Twitter, RDS has lower error in comparison
withMHRW. Analysis of RWSmethod has been presented by Cooper et al. [37], where the authors have tried to sample from
the high degree vertices and similar graphs regarding the power law distribution. Cumulative distribution of degrees is es-
timated via sampling based on trace routing and some methods were studied for eliminating bias of the high degrees [38].
Ribeiro et al. proposed a sampling method, called Frontier sampling. It is developed from basic random walk which used
several dependent randomwalks. The frontier sampling outperforms conventional randomwalk and generates small errors
in sparse graphs. Based on the different types of relationship between users in OSN, multi-graph has been introduced using
random walk [9] and the results of its simulation indicate improvement of the proposed method by Gjoka. Random jump
in MHRW with prevention of being trapped in local structures has been proposed by Jin et al. for unbiased estimation [39].
In Ref. [7], By sampling they avoid visiting all nodes in the vicinity of a user and thus attain improved performance. The
advantage of their algorithmwas demonstrated only by experimentations. Sampling for modular structure of networks has
been studied byMaiya et al. via identifying the communities [40]. It is also some social network sites as bipartite graphs have
been studied byWang et al. [41] for some social networks, they utilizedMHRW for sampling from bipartite graph. Sampling
from directed graphs has been proposed in Ref. [42] using randomwalk. Directed heterogeneous graph [43] is suggested by
Yang et al. in order to semantically sampling. They demonstrated that their sampling technique preserves relational profile
property. A study on directed networks for sampling presented in Ref. [44] by introducing two-step framework to mea-
sure nodal characteristics. Another research on directed networks reported by Son et al. [45]. They focused on comparisons
between variants of breadth-first search (BFS) sampling on directed networks. Sampling by crawling the edges has been
discussed in Ref. [46] by the idea of page rank which provides more significant results in comparison with RDS. A sampling
method which uses distributed learning automata is reported by Rezvanian et al. [27]. This method which is similar to RWS
uses a set of learning automata cooperating with each other in order to guide the paths of visiting nodes by updating their
action probabilities. The results of their method performed much better than the results of RDS and RWS in terms of RE
and KS on well-known real networks. Based on basic snowball sampling a random multiple snowball with Cohen process
sampling is developed by Gao et al. [47]. Their simulations on computer generated networks indicated that this method is
able to preserve local and global structure of network.

3. Proposed sampling method

In this section, we describe an algorithmwhich uses the concept of shortest path for sampling from social network graph.
In the proposed sampling method, it is assumed that the graph of given online social networks is accessible by a unique ID
of each user, usually generated randomly by social network management services, as nodes of input graph and also their
allowed connected users. Fig. 1 gives the pseudo code of the proposed sampling method. Let G⟨V , E⟩ be the input graph,
where V = {v1, v2, . . . , vn} is the set of nodes, and E = {e1, e2, . . . , em} is the set of edges. The algorithm iteratively com-
putes shortest paths between l pairs of nodes. At iteration i, it chooses randomly two non-adjacent nodes vs as source node
and vd as destination node and then computes the shortest pathπi between these two nodes using a shortest path algorithm
such as Dijkstra’s algorithm [48]. Then using the computed shortest paths, a rank is assigned to each edge appearing in the
computed shortest paths based on the number of shortest paths alongwhich that edge has been appeared. Then the sampled
network is constructed by choosing a given percent of the highly ranked vertices.

Experiments conducted by Newman and Milgram may be evidences of why using the concept of shortest path for sam-
pling social networks is a promising approach. Newman [49], through his experiment emphasis the importance of shortest
path on the scientific collaboration networks. He showed that on average 64% of one’s shortest paths to other scientists pass
through one’s top-ranked collaborator and 17% pass through the second-ranked one. From the famous experiment of small-
world phenomena by Milgram [50,51], one may conclude that a participant does not know the shortest path using which
to send a message to the target person, but by delivering the message to the person directly connected to a friend who is
supposed to be closer to the target person estimates which of his acquaintances would lead to the shortest path through
the full social network. Another important aspect of shortest path is related to selecting the most influential nodes in social
networks [52]. In general, in online social networks information propagate along the shortest paths of users as direct and
simpleway to communicate between each user. For example, smart advertisers try to present their products withminimum
cost of propagation via maximum influence path [53]. Kimura et al. [54] propose a shortest-path-based influence cascade
model and provide efficient algorithms for finding the most influential nodes under these models.

According to the above discussion it seems that by considering the shortest paths as the building blocks of a sampled
network we can have a sample which includes the central nodes (such as nodes with high degree or high betweenness) and
at the same time preserves the networks functionalities.

The proposed sampling method using the concept of shortest path which we call it SSP is given in Fig. 1.
The time required by the algorithm can be divided into two parts: the time required computing the shortest paths and

the time required to sort the edges appearing in the computed shortest paths. Since the number of shortest paths computed
is a percentage of the number of nodes in the graph and the computation of a shortest path in a graph with n nodes is pro-
portional to n2 then the time required by the first part is O(n3). Sorting the edges appearing in the computed shortest paths
in the worst takes O(n2 log n) and hence O(n3) time for the algorithm.
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Fig. 1. The pseudo code of the proposed sampling method.

Table 1
Description of test networks.

Network Node Edge Description

Karate 34 78 Zachary karate club network
Football 115 613 Network of American college football teams
Email 1 133 5451 E-mail network of the Univeristy Rovira i Virgili
Jazz 198 2742 Network of jazz musicians
Cit-HepTh 27770 352807 ArXiv High Energy Physics Theory paper citation network
Ego-Facebook 4039 88234 Social circles from Facebook
Wiki-Vote 7115 103689 Wikipedia who-votes-on-whom network
ER-10000 10000 19990294 Synthetic random network
WS-10000 10000 123942 Synthetic small world network
BA-10000 10000 99945 Synthetic scale free network

The proposed sampling method can be improved in several ways such as using better heuristics for selecting the source
anddestinationnodes vs and vd or designing better heuristics for ranking the edges of the computed shortest paths. Examples
of such improvements will be discussed later in Experiment III.

4. Simulation results

In this section, performance of the proposed sampling method is investigated on several well-known real networks:
Zachary’s Karate Club (Karate) [55], American College Football (Football) [56], E-mail network (Email) [57], Jazz musicians net-
work (Jazz) [58] as reference datasets and High-energy physics theory citation network (Cit-HepTh) [59], Social circles from
Facebook (Ego-Facebook) [60], andWikipedia vote network (Wiki-Vote) [61] as large networks [62] and some synthetic net-
works: ER-10000, WS-10000, BA-10000. All of these networks are commonly-used benchmarks for simulation. Table 1 de-
scribes the real and synthetic networks are used for the experimentations and their characteristics. For synthetic networks,
we use well-known random network of Erdös–Rényimodel (ERmodel) [63] which is utilized widely in literature. Other syn-
thetic network is small world networks ofWatts–Strogatz model (WS model) [1] which reflect common properties of many
real networks such as short average path length. Further, the otherwell-known synthetic networks is Barabási–Albert model
(BA model) as scale free networks with heavy-tailed degree distribution [2]. We set network parameters as N = 10 000,
P = 0.2 for ER model; N = 10 000, k = 4, P = 0.2 for WS model; and N = 10 000, m0 = m = 5 for BA model.

4.1. Evaluation metrics

In this paper, we use Kolmogorov–Smirnov Distance (KS), Relative Error (RE) and Normalized Root Mean Square Error
(NRMSE) for performance studies. The evaluation metrics are described in the rest of this subsection.

4.1.1. Kolmogorov–Smirnov test (KS)
Kolmogorov–Smirnov D-Statistic is one of the statistical test methods used for calculating the distance between two cu-

mulative distribution functions (CDF). KS distance is a commonly used measure for acceptability between distribution of
original network and distribution of sampled network. It is calculated as the maximum absolute distance between the two
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distributions. The result of this test is a value between 0 and 1. As closer as it is to zero, both distributions will have a greater
similarity; and as closer as it is to unit, the two distributions will show a greater discrepancy [14]. This metric has been
calculated as the following equation

KS(F , Fs) = max |F (x) − Fs (x)| (1)
where F and Fs are CDF of a given distribution of original network and a given distribution of sampled network, respectively,
and x is the range of the random variable. So it is computed as the maximum vertical distance between the two distribu-
tions. In this paper, we apply KS test on the degree distribution or shortest path length distribution of original network and
sampled network.

4.1.2. Relative Error (RE)
Relative Error (RE) can be applied to assess the accuracy of the results, which is defined by the following equation:

RE =
|θ − θs|

θ
(2)

where θ and θs denote the values of a network parameter (i.e., clustering coefficient) in the sampled network and original
network respectively [7]. In this paper, we calculated RE for clustering coefficient in the original network and sampled
network. The clustering coefficient Ci of node vi is calculated as follows:

Ci =
2Ti

di(di − 1)
(3)

where Ti is the number of edges in its adjacent node vi and di is the degree of node vi.

4.1.3. Normalized Root Mean Square Error (NMSE)
Another metric used in this regard is Normalized Root Mean Square Error (NMSE) for values of real and estimated pa-

rameters (i.e., clustering coefficient) which is given by the following equation [10,64]:

NMSE =


(E|θ − θs|)

2

θ
(4)

where θ and θs are the values of a network parameter of original and sampled network.

4.2. Experimental results

To show the performance of the proposed samplingmethod, several experiments are conducted onwell-known synthetic
and real networks described in Table 1. All experiments for the proposed sampling via shortest path (SSP) are evaluated in
terms of RE, NMSE, KS test to assessment of goodness-of-fit and thenwe are compared itwith RandomNode Sampling (RNS),
RandomEdge Sampling (RES), RandomWalk Sampling (RWS),Metropolis–Hastings RandomWalk (MHRW), and distributed
learning automata based sampling (DLAS) [27] for different sampling rates in Experiment II. The results reported in this paper
are averages taken over 50 runs.

4.2.1. Experiment I
This experiment is conducted to study the minimum number of shortest paths required to meet a given sampling rate.

For this purpose, we run the proposed sampling method on different test networks to calculate number of shortest paths
required tomeet a specific sampling rate. Results of this experiment are demonstrated in Fig. 2 for Ego-Facebook,Wiki-Vote,
Jazz, Email, Karate, ER-10000,WS-10000 and BA-10000. From the results, one can conclude that for sampling rates 10%, 15%,
20%, 25% and 30%, depending on the type of the network at least 1% to 4%, 1.5% to 6%, 3% to 9%, 4% to 12% and 7% to 16% of
shortest paths, respectively, are required to meet a specific sampling rate. Besides, from the results of this experiment, we
may also say that for synthetic networks, the required number of shortest paths for synthetic small world networks is less
than the required number of shortest paths for synthetic scale-free and synthetic random networks. Moreover, the num-
ber of required shortest paths needed for synthetic random networks is higher than the number of required shortest paths
needed for real or synthetic networks. The result of this experiment will be used in other experiments in order to choose
the required number of shortest paths to meet a given sampling rate.

4.2.2. Experiment II
This experiment is carried out to compare the performance of the proposed sampling via shortest pathwith selecting both

source and destination nodes at random as (SSP)with RandomNode Sampling (RNS), RandomEdge Sampling (RES), Random
Walk Sampling (RWS), Metropolis–Hastings Random Walk (MHRW), and distributed learning automata based Sampling
(DLAS) [27] for the sampling rate of 10% and 20%. The comparison is made in terms of KS test for degree distribution and
shortest path length distribution. The results of this experiment are summarized in Tables 2–5.

Comparisons in terms ofNMSE among these samplingmethods are also done and the result is reported in Fig. 3. According
to the results of Fig. 3,wemay conclude that for all the test networks, higher (lower) value for sampling rate results in smaller
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Fig. 2. Minimum number of shortest paths required to meet the specific sampling rate.

Table 2
KS test for degree distribution for sampling rate = 10%.

Networks Methods
RES RNS RWS MHRW DLAS SSP

Karate 0.45 0.67 0.47 0.43 0.41 0.39
Jazz 0.86 0.85 0.67 0.47 0.46 0.44
Email 0.57 0.59 0.52 0.36 0.35 0.23
Football 0.53 0.61 0.47 0.21 0.22 0.20
Wiki-Vote 0.40 0.39 0.37 0.36 0.34 0.28
Ego-Facebook 0.47 0.48 0.45 0.41 0.40 0.35
Cit-HepTh 0.57 0.58 0.51 0.46 0.45 0.42
ER-10000 0.59 0.58 0.60 0.59 0.58 0.49
WS-10000 0.58 0.59 0.57 0.55 0.56 0.48
BA-10000 0.52 0.53 0.49 0.48 0.49 0.44

Table 3
KS test for degree distribution for sampling rate = 20%.

Networks Methods
RES RNS RWS MHRW DLAS SSP

Karate 0.47 0.46 0.51 0.44 0.38 0.35
Jazz 0.78 0.76 0.68 0.67 0.35 0.31
Email 0.42 0.43 0.41 0.39 0.31 0.18
Football 0.46 0.54 0.36 0.19 0.18 0.17
Wiki-Vote 0.31 0.32 0.32 0.29 0.30 0.26
Ego-facebook 0.39 0.40 0.43 0.36 0.37 0.29
Cit-HepTh 0.50 0.51 0.47 0.43 0.42 0.41
ER-10000 0.57 0.56 0.57 0.57 0.56 0.46
WS-10000 0.55 0.56 0.54 0.52 0.52 0.43
BA-10000 0.48 0.49 0.46 0.45 0.46 0.37

Table 4
KS test for shortest path length distribution for sampling rate = 10%.

Networks Methods
RES RNS RWS MHRW DLAS SSP

Karate 0.33 0.33 0.33 0.33 0.33 0.33
Jazz 0.26 0.26 0.26 0.26 0.26 0.26
Email 0.46 0.46 0.46 0.40 0.40 0.40
Football 0.26 0.26 0.26 0.26 0.26 0.26
Wiki-Vote 0.33 0.33 0.33 0.26 0.26 0.26
Ego-Facebook 0.46 0.53 0.53 0.46 0.46 0.46
Cit-HepTh 0.86 0.93 0.86 0.73 0.73 0.73
ER-10000 0.26 0.26 0.26 0.26 0.26 0.20
WS-10000 0.53 0.60 0.53 0.46 0.53 0.40
BA-10000 0.73 0.66 0.66 0.63 0.66 0.61

(higher) value of NMSE. From Tables 2–5, we also observe that the proposed sampling method outperforms other sampling
methods in all test networks. Besides, from Fig. 3 and Tables 6–8, we can say that in terms of NMSE, the proposed method,
MHRW, RWS, RES and RNS, has rank 1, 2, 3, 4 and 5, respectively for real and synthetic networks. According to the obtained
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Table 5
KS test for shortest path length distribution for sampling rate = 0.20%.

Networks Methods
RES RNS RWS MHRW DLAS SSP

Karate 0.33 0.33 0.33 0.33 0.33 0.26
Jazz 0.33 0.33 0.33 0.26 0.33 0.26
Email 0.40 0.40 0.40 0.40 0.40 0.26
Football 0.26 0.26 0.26 0.26 0.26 0.26
Wiki-Vote 0.20 0.26 0.26 0.20 0.26 0.20
Ego-facebook 0.46 0.46 0.46 0.46 0.46 0.40
Cit-HepTh 0.73 0.86 0.73 0.66 0.66 0.60
ER-10000 0.13 0.13 0.13 0.13 0.13 0.13
WS-10000 0.53 0.53 0.36 0.36 0.36 0.36
BA-10000 0.66 0.66 0.60 0.60 0.60 0.60

Table 6
Average ranking for different mechanisms with respect to RE (clustering coefficient) for different sampling rates.

Sampling rate 10% 20% 30% 40%

Instances Mechanism
RES RNS RWS MHRW SSP RES RNS RWS MHRW SSP RES RNS RWS MHRW SSP RES RNS RWS MHRW SSP

Average
ranking

4.1 4.8 2.8 2.3 1 4.2 4.6 2.9 2.5 1 3.9 4.7 2.8 2.5 1 4.1 4.5 2.9 2.5 1

Ranking 4 5 3 2 1 4 5 3 2 1 4 5 3 2 1 4 5 3 2 1

Table 7
Average ranking for different mechanisms with respect to KS (degree distribution) for different sampling rates.

Sampling rate 10% 20% 30% 40%

Instances Mechanism
RES RNS RWS MHRW SSP RES RNS RWS MHRW SSP RES RNS RWS MHRW SSP RES RNS RWS MHRW SSP

Average
ranking

4.1 4.9 2.6 2.4 1 4.2 4.5 2.8 2.5 1 4.3 4.7 2.7 2.3 1 4.1 4.8 2.7 2.4 1

Ranking 4 5 3 2 1 4 5 3 2 1 4 5 3 2 1 4 5 3 2 1

Table 8
Average ranking for different mechanisms with respect to KS (shortest path length distribution) for different sampling rates.

Sampling rate 10% 20% 30% 40%

Instances Mechanism
RES RNS RWS MHRW SSP RES RNS RWS MHRW SSP RES RNS RWS MHRW SSP RES RNS RWS MHRW SSP

Average
ranking

1.9 2.1 1.9 1.3 1 1.8 2 1.7 1.4 1 1.9 2 1.8 1.5 1 1.8 1.9 1.7 1.3 1

Ranking 3 4 3 2 1 4 5 3 2 1 4 5 3 2 1 4 5 3 2 1

results, the proposed algorithm preserves the topological properties of the input graph such as clustering coefficient and
degree distribution.

4.2.3. Experiment III
This experiment is conducted to study the impact of the mechanism used for selecting source and destination nodes on

the performance of the proposed sampling method. For this purpose, we study the impact of five different mechanisms I,
II, III, IV and V as described below for selecting source and destination nodes on the performance of the proposed method
with respect to RE and KS distance.

I. Selecting both source and destination nodes at random. This mechanism was described in the previous section.
II. Selecting both source and destination nodes at random provided that they are not adjacent. This mechanism was used

in the previous experiment.
III. Selecting a central node as a source node and selecting destination node at random. The measure of centrality can be

chosen to be any measure of centrality such as betweenness or degree. For this experiment we consider the measure of
centrality to be degree centrality.

IV. Selecting a central node as a source node and selecting a non-adjacent destination node at random. For this experiment
we consider the measure of centrality to be degree centrality.
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(a) Karate. (b) Email.

(c) Jazz. (d) Football.

(e) ER-10000. (f) WS-10000.

(g) BA-10000. (h) Cit-HepTh.

Fig. 3. Comparison NMSE of clustering coefficient of sampling methods for varying sampling rate.

V. Considering only the shortest paths with length greater than k for assigning rank to edges. The shortest path between
two randomly selected nodes is found. If the length of this path is less than k then it will be ignored and not used for
assigning rank to edges. For this experiment, we set k = 2.



262 A. Rezvanian, M.R. Meybodi / Physica A 424 (2015) 254–268

(i) Wiki-Vote. (j) Ego-facebook.

Fig. 3. (continued)

Table 9
Average ranking for different mechanisms with respect to RE (clustering coefficient) for different sampling rates.

Sampling rate 10% 20% 30% 40%

Instances Mechanism
I II III IV V I II III IV V I II III IV V I II III IV V

Average
ranking

4.2 4.3 2.7 2.6 1.2 4.6 4.4 2.5 2.3 1.2 4.6 3.8 3 2.4 1.2 4.4 4.3 2.3 2.1 1.9

Ranking 4 5 3 2 1 5 4 3 2 1 5 4 3 2 1 5 4 3 2 1

Table 10
Average ranking for different mechanisms with respect to KS (degree distribution) for different sampling rates.

Sampling rate 10% 20% 30% 40%

Instances Mechanism
I II III IV V I II III IV V I II III IV V I II III IV V

Average
ranking

4.2 4.3 2.6 2.5 1.4 4.6 4.4 2.4 2.3 1.3 4.6 3.8 2.9 2.4 1.3 4.4 4.3 2.5 2.2 1.5

Ranking 4 5 3 2 1 5 4 3 2 1 5 4 3 2 1 5 4 3 2 1

Table 11
Average ranking for different mechanisms with respect to KS (shortest path length distribution) for different sampling rates.

Sampling rate 10% 20% 30% 40%

Instances Mechanism
I II III IV V I II III IV V I II III IV V I II III IV V

Average
ranking

1.7 1.7 1.7 1.6 1.3 2.4 2 1.2 1.3 1.1 2.3 2.2 2.1 1.8 1.2 1.4 1.1 1.1 1.1 1.1

Ranking 3 3 3 2 1 5 4 2 3 1 5 4 3 2 1 2 1 1 1 1

The results of this experiment for different test networks are given in Figs. 4 and 5. Further, we calculated the average
ranking of each mechanism with respect to RE and KS for different sampling rates as given in Tables 9–11 by inspecting
the results given in Figs. 4 and 5. Based on Tables 9, 10, and 11 we can rank mechanisms I, II, III, IV and V, in 5th, 4th, 3rd,
2nd, and 1st, respectively. From the results, we may conclude that mechanism V outperforms the other four mechanisms in
terms of both RE and KS distances.

4.2.4. Experiment IV
This experiment is carried out to study the impact of parameter k used in mechanism V on RE and KS metrics. To do this,

we plot shortest path length distribution and RE versus parameter k and then compare these two plots for several synthetic
small-world networks and synthetic scale-free networks with different sizes. According to the results reported in Figs. 6 and
7, we may conclude the following:

• For synthetic small world networks increasing parameter k causes RE for clustering coefficient remains unchanged up
to a point and then starts decreasing. RE starts to decrease when the value of parameter k becomes equal to the length
of shortest paths occurring at most in the networks. For example, for WS-2000 RE starts to decrease when parameter k
is equal to 7. From Fig. 6(a)–(c) we can say that 7 is the length of shortest paths occurring at most in the networks. For
WS-5000, RE starts to decrease when the value of parameter k becomes equal to 8.
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Fig. 4. Average KS distance for test networks.
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Fig. 5. Average RE for test networks.
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(a) WS-2000. (b) WS-5000. (c) WS-10000.

Fig. 6. Impact of parameter k on the performance of the proposed method in terms of RE (clustering coefficient) for synthetic small world networks.

(a) BA-2000. (b) BA-5000. (c) BA-10000.

Fig. 7. Impact of parameter k on the performance of the proposed method in terms of RE (clustering coefficient) for synthetic scale free networks.

• For synthetic scale free networks increasing k causes RE for clustering coefficient increases up to a point and then starts
decreasing. The point at which RE starts to decrease appears when the value of parameter k becomes equal to the length
of shortest paths occurring themost in the network (Fig. 7(a)–(c)). It seems that in these types of networks longer shortest
paths contain more pervasive nodes.

Experimentations with others networks may produce different results.

4.2.5. Experiment V
This experiment is conducted to study the impact of sampling rate on the performance of the proposed method in terms

of NMSE. For this purpose, for each test network we plot NMSE versus different sampling rates as given in Fig. 8. From this
figure, we can see that NMSE decreases as the sampling rate increases and also NMSE is higher for small networks. Among
synthetic networks, NMSE of random network is higher than NMSE of small world and scale free networks. Also, NMSE of
scale free networks is lower than NMSE of other synthetic networks.

4.2.6. Experiment VI
This experiment is conducted to study the run time for the proposed sampling method (SSP) when both source and des-

tination nodes are selected at random, RandomNode Sampling (RNS) [15], Random Edge Sampling (RES) [15], RandomWalk
Sampling (RWS) [23], Metropolis–Hastings RandomWalk (MHRW) [24], and distributed learning automata based Sampling
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Fig. 8. NMSE versus sampling rate for different networks.

Table 12
Run-time of different sampling methods for synthetic random graphs with
varying densities.

Densities Methods
RES RNS RWS MHRW DLAS SSP

0.2 0.4782 0.3502 0.4031 0.8329 1.1772 0.2785
0.3 0.5065 0.4386 0.4315 0.9513 1.3045 0.3579
0.4 0.5999 0.4772 0.5175 1.0175 1.4452 0.4461
0.5 0.7022 0.5405 0.6436 1.1229 1.5497 0.5204
0.6 0.7475 0.6096 0.7171 1.1838 1.6454 0.6708
0.7 0.7852 0.6872 0.7592 1.2752 1.7021 0.8655
0.8 0.8269 0.7483 0.7793 1.4588 1.7571 1.2216
0.9 0.9364 0.8075 0.8486 1.6779 1.8661 1.9028

Table 13
Run-time of different samplingmethods for synthetic small world graphs with
varying densities.

Densities Methods
RES RNS RWS MHRW DLAS SSP

0.2 0.1271 0.0747 0.1269 0.2566 2.8525 0.1234
0.3 0.1316 0.0765 0.1256 0.3572 3.6182 0.1474
0.4 0.1355 0.0776 0.1318 0.4688 4.4147 0.1753
0.5 0.1387 0.0799 0.1371 0.4807 4.7167 0.1883
0.6 0.1481 0.0813 0.1435 0.5301 5.0714 0.1964
0.7 0.1595 0.0836 0.1554 0.5457 5.1746 0.2237
0.8 0.1647 0.0862 0.1618 0.5912 5.2214 0.2361
0.9 0.1753 0.0914 0.1747 0.6356 5.2528 0.2714

(DLAS). This experiment is conducted for synthetic random graph and synthetic small world network with 100 nodes and
different densities varying from 0.2 to 0.9 and sampling rate of 10% which is widely used. This experiment was launched on
a system with hardware configuration of Intel R⃝ Core i5 U520 1.07 GHz processor and 4 GB Ram. The results of this experi-
ment are given in Table 12 for synthetic random graph and Table 13 for synthetic scale free network. It should be noted that
unlike most sampling algorithm the proposed algorithm traverses only a portion of the graph rather than the whole graph.
Experimentations have shown that the proposed algorithm performs very fast when the input graph is a synthetic random
graph with low density. For synthetic random graph with low densities (0.2–0.5) the run-time of the proposed algorithm is
lowest comparing to other sampling methods. But, for synthetic random graph with high densities (0.6–0.9), the proposed
algorithm performs only better than DLAS. Experimentations also show that for synthetic small world network the run time
for RNS is lowest comparing to other sampling methods. Besides, for synthetic small world network the run time of the
proposed sampling method is always lower than the run time of DLAS. Even though the proposed algorithm requires higher
running time comparing to other methods but instead it produces better results.

5. Conclusion

In this paper, based on the concept of shortest pathwe proposed amethod for sampling social networks. The proposed al-
gorithm by finding the shortest paths between several pairs of nodes tries to collect highly promising set of nodes and edges
for constructing a sampled network. The performance of the proposed sampling method was investigated by conducting
several experiments on well-known real and synthetic networks.
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Experimental results showed that the proposed samplingmethod outperforms the existingmethod such as random edge
sampling, random node sampling, random walk sampling and Metropolis–Hastings random walk sampling in terms of rel-
ative error (RE), normalized root mean square error (NMSE), and Kolmogorov–Smirnov (KS) test.
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