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Abstract
While small networks can be visualized directly by its graph,
larger networks can be envisaged and described by using a set
of statistical measures of a network’s topology. In this paper,
we devote our attention on three quantitative measures namely
average path length, clustering coefficient, and degree
distribution to investigate and discuss how rewiring strategy
affects degree of spreading in random networks. In particular,
we used Fermi function to account for stochastic dynamics,
whereby a random network is rewired to generate a new
network that serve as a basis for comparisons with the
original. We argue that when network connections are
rewired, the topological properties may change considerably
due to the rewiring probability of some nodes’ connections.
While random networks portray a Poisson distribution, the
new network, by contrast, shows an increasing divergence
from binomial distribution. The distribution is positively
skewed and looks like exponential distribution. Most nodes
have very small degree, and a few have large degree. As such,
the probability of nodes being informed is higher due to larger
clustering of nodes and shorter paths between them. We notice
that the degree of spreading is further increased by rewiring
strategies with positive β. This implies that the degree of
spreading in random networks depends on the rewiring
strategies—the value of the function’s parameter –used.
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1. Introduction
Understanding the spreading process in networks has been
an important factor in modelling networks and spreading
dynamics [1]. In network paradigm, information spreads
from one individual to another through social ties amongst
the population. In the case of networks with a wideranging degree distribution, it is argued that most high
connected individuals are good candidates in enhancing
information spreading [2], [3]. However, there are rare
circumstances under which high degree nodes have low
impact on the spreading process [4]. In network science,
selection of individual to spread information in networks
is usually modelled using link rewiring strategies [5]–[7].
Several studies have, traditionally, designed this stochastic
process in terms of probability functions with their
parameters used as the strength of selecting neighbours to
connect based on the payoff difference [8], [9].
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During edge rewiring, the topology of networks may
change significantly. While small networks can be
visualized directly by its graph, larger networks can be
envisaged and described by using a set of quantitative
performance measures [10]. In this paper, we focus on
three robust measures of a network’s topology namely
average path length, clustering coefficient, and degree
distribution to investigate how rewiring strategies affect
degree of spreading in random networks. In particular, we
designed a rewiring model based on Fermi function,
whereby random network is rewired to generate a new
network that serve as a basis for comparisons with the
original network. By quantifying the aforementioned
quantities in each network topology, we can estimate the
effect of the strategy used to rewire the network.
2. Methods and Experimental Settings
The simulation was performed on random network with a
total population N = 4000 and average degree k = 4. To
enable the spreading in the network, we integrated the
rewiring model with Susceptible-Infected-Recovered (SIR)
model [11]-[13]. This model has been widely used in the
literature to describe disease spreading as well as rumours
and information spreading in social networks [14]. In the
SIR model, the individual can be in one of the three states
[11]: Susceptible state (S-node) being state of individuals
who are liable to be informed, Informed state (I-node) as
the state of those who have information and can
communicate to S nodes, and Recovered state (R-node)
described as a state of individuals who have information
but exhausted and thus will not take part in the spreading
process.
The study assumed that the total population, N, is
constant, and that at time T = 0, the beginning of the
computer simulation, one individual is randomly selected
as a seed (I node) and the other (N-1) nodes are all
susceptible (S nodes). In the discrete formulation of the
SIR model [15], [16], we assume at each time step
informed individuals communicate information to their
susceptible neighbours at a rate of 0.3 and recover at a
fixed time. Each informed individual breaks the existing
link with its neighbours if the neighbour’s payoff is less
than a randomly selected individual in the population.
Accordingly, information spreads in the network until it
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reaches the steady state when there are only recovered and
susceptible individuals.
In this paper, the rewiring between nodes is designed in
such a way that informed node breaks existing link with
its neighbours and rewires the link to a randomly selected
susceptible node from the whole network, with rewiring
probability determined by Fermi function F[9], [17], [18].
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(1)

The parameter β represents strength of selecting S
neighbours, with values taken from (-∞, ∞). Larger values
signify stronger selection, which indicate selection of high
degree nodes and verse visa. The notations  S ' and

 S represent payoffs of the two targeted nodes: a node S’
which is linked to an informed node and a node S to be
rewired, respectively. The term payoff has been widely
used in different studies to represent total number of
respective entities.
For example, Perc et al [19]
considered the term payoffas the number of players
adopting one’s strategy in the spatial Prisoner’s dilemma
game. In dynamic systems, at each time step every player
interacts with its neighbours, and acquires a certain
number of players, which they call it as payoff. They
designed that each player change its strategy by
comparing the number of players it has (its payoff) and the
number of players of its neighbours (neighbour’s payoff)
following the strategies adoption function of the payoff
difference. In dynamic social networks, payoff is described
as the total number of friends an individual has in the
population.
3. Simulation Results and Discussion
To illustrate the information spreading dynamics, we
simulated different topologies of random network by
quantifying degree distribution, average path length, and
clustering coefficient, which are the most important
quantities for characterising network structure's
connectedness and cliquishness [20]. The approach we
used was to construct another network by rewiring random
structure using the Fermi function (Eq. 1) integrated with
the SIR model and compare the new network with the
initial random structure based on the aforementioned
quantities. This enabled us to study how rewiring
strategies affect degree of spreading. Traditionally,
quantitative descriptions of network topology have been
postulated as a particularly appealing framework for
understanding characteristics of the network [10]. To
motivate this discussion, we calculated the clustering
coefficient and average path length of the initial random
network (before rewiring). In this work, the initial random
structure exhibits clustering coefficient of 0.02 and an
average path length of 4.268. We argue that when network
connections are rewired, clustering coefficients and
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average path length may change considerably due to the
rewiring probability of some nodes’ connections. For the
simulation with controlling parameters (β = -3, 0 and 3)
of Fermi function, we show that the new network structure
has shorter average path length and larger clustering
coefficients for all the rewiring strategies of β (Table 1) as
compared to the initial random structure.
It has been said that a shorter average path length
facilitate information spreading as everyone is connected
to everyone else through a short path [10]. However,
larger clustering coefficient also signifies high degree of
spreading, as the probability of individualsbeing informed
is high as well.
Table 1: Average clustering coefficients (C) and average path
lengths (l) of the rewired structure simulated with different
rewiring strategies.

Rewiring Strategies
β = -3
β = 0
β= 3

C
0.620
0.959
0.960

l
2.085
2.031
2.033

Clustering describes how many of node's contacts also
have contact among each other. High clustering of
individuals means more local spread (within cliques) and
thus a rapid local depletion of susceptible nodes. In
extreme cases, spreading gets trapped within highly
cohesive clusters. Intuitively, initial structure random
network should be less conducive for the spread as
compared to the rewired network.
In order to gain further credence, we explored similar
analysis as above but this time it is based on degree
distribution in order to investigate patterns of networks
connectivity. In traditional random networks (before
rewiring) most nodes have a medium node degree. The
degrees of all nodes are distributed around the average
(7.987) as shown in Figure 1.

Figure 1: Degree distribution of random network with degree k,
before rewiring its edges.
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It can be seen that nodes in the rewired network structure,
by contrast, show an increasing divergence from binomial
distribution (Figure 2). The distribution is positively
skewed and looks like exponential distribution. Most
nodes have very small degree, and a few have large
degree. As such, the probability of nodes being informed
grows. We notice that the degree of spread is further
increased by rewiring strategies with positive β. This
implies that the degree of spreading in networks depends
on the rewiring strategies—the value of the function’s
parameter— used.

Figure 2: Degree distribution of the new network after
rewiring random network with Fermi function.

4.Concluding Remarks
It has been revealed that a few network properties exist by
which the network topology can be determined. Most
important topological properties are average path length,
clustering coefficient and degree distribution. In this work,
we compared the aforementioned quantities from different
network topologies in order to examine how rewiring
strategies affectdegree of spreading in networks.
Specifically, by employing Fermi function, random
network was rewired to generate a new network that
serves as the basis for comparisons with the initial
structure. It is argued that when network connections are
rewired, the topological properties may change
considerably due to the rewiring probability of some
nodes’ connections.
The degree distribution of the new network structure is
radically different from Poisson distribution observed in
many random networks. The distribution is positively
skewed and looks like exponential distribution. Most
nodes have very small degree, and a few have large
degree. As such, the probability of nodes being informed
is higher due to larger clustering of nodes and shorter
paths between them. We notice that the degree of spread is
further increased by rewiring strategies with positive β. In
view of this, rewiring strategy is shown to be relevant
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factor influencing the degree of spreading. This work
more likely influences the success of spreading strategies.
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