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Abstract. Preparing for the spread of infectious diseases is an important government function. The gesetinfl
pandemic of 1918 killed about 100 million people, and in more recent times, SARS and avian influenza have affected
several countries. Agedlased models can be used to predict the spread of new diseases within a population.
However, the behaviourf auch models is dependent on the topology of contacts between people. In this paper, we
use rewiring and simulation techniques to investigate the spread of disease through a network, and highlight the
network attributes which influence the spread of alise We pay particular attention to three key disease
characteristics: the peak number of infected individuals, the time to reach this peak infection, and the total number of
individuals affected by the disease. Analysis of the results leads to a conteptief f ecti ve degr ece
whi ch depends on the number of | inks in the network a
all strongly influenced by the effective degree.
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The spread of disease through a population can beAs i n r e al di sease outbrea
modelled mathematically as a set of differential disease, where the number of infected individuals
equations. Although several such mathematical modelgeaches a maximum, followed by a decline. The time to

exist, the SIR equations [2] are st@ften used: reach this peak is of interest to makers of health policy,
ds since it determines the time available to respond to early
—=-asl signs of a pandemic. The peak number of infected
dt (1) individuals is also important, determining the scale of
dli medical facilities required. Finally, the cost of the
dt =asl- o @ diseasei both in dollars and in ters of human

sufferingi is determined by the total number of people

dR _ infected, i.e. the final value d® In a pandemic, this
dt a 3) will be a significant fraction of the whole population.

A limitation of the SIR equations is that they ignore
effects due to theetwork topology of contacts between
people. We explore these effects using a very simple
agentbased simulation model.

whereSis the number of individuals in the population
susceptible to the diseask,is the number currently
infected,R is the number recovered (and stant), and
Uandb are parameters. The graph in Figure 1 shows
the change in the variables with time (from an initial
state withl = 1, S = 399, andR = 0) for a particular 3. AGENT SIMULATION

choice of parametetdandb. For the agenbased model, it is convenient to have
slightly different parameters. One of these is the
durationl of a person being infected (whefed L /
For our experiment, values of 1, 3, 10, 30, and 100 time
units were used.



The parameteiU is the probability of an individual
infecting another linked individual during a single time
unit (values ofU are substantily higher than for the
SIR equations, since an individual has relatively few
contacts in general). However, rather than varytihg
directly, we found it convenient to vagy =, udihg the
values 0.1, 0.3, 0.5, 0.7, 0.85, and 1.0. The pararoeter
is appoximately equal to the probability of infecting
another linked individual over the duration of infection,
and is largely independent of the choiceiof

We combine this simple agebased model with the
Kawachi process for network rewiring [4],[5], which
extends the rewiring process due to Watts [6],
rearranging the links while keeping their number
constant. We begin with a3 400 rectangular grid,
connecting the long edges to form a narrow tube of
length 100, then connecting the ends to form a Torus
and finally adding diagonals across the grid squares to
bring the degree of each node up to 6.

Higher values of the Kawachi rewiring parameter
progressively destroy more of the original network
structure, until ap = 1, Random networks are produced,
with D = 3.5 andC = 0.03. These networks have links
distributed essentially at random between nodes. One
such network is shown on the left of Figure 2.

Further increases ip (up to 5) produce Scaleree
networks, which have a powkaw distribution of node
degrees, resulting in a small number of higtiyinected
Aihubo n o dwesnetworkS kagel aeslightly lower
average distanc® than Random networks, but a higher
clustering coefficienC. The Kawachi process therefore
transitions through four different kinds of network using
a single parameter, which is convenient for experimental
purposes. In our simulations, we generate 20 different
networks for each value pf

Figure 3 shows an examplamsilation snapshot with a

Random network and 05,0 = 10. The peak of 172
infected individuals (coloured red, orange, and yellow

The Kawachi rewiring process, as we have implementedfor various stages of the infection duration) has just

it, is controlled by a parametgrbetween 0 and 5 and

takes place in a number of phases (10 phases for ounfected indivduals.

expeiment). In each phase, network link$y are
replaced with probabilityp/10 by linksxi z, where the
person (nodeX has a higher degree thgnand the node

occurred at time 29. Now, at time 34, there are 136
So far, 182 individuals have
recovered (blue), and 82 are still susceptible (green).
For this network and combination of parameters, the
infection will stop with about 350 recovered individuals,

z is chosen to be an isolated node from a previousand about 50 susceptible individuals that have pesta

rewiring (if there are any), or chosen randgnilith
probability proportional to the degree of nodes plus one)
otherwise. For small values gf this is equivalent to
the Watts rewiring process, while for large valuegp,of
the highdegree bias produces networks with Séaiee
characteristics [4]4].

Figure 2 illustrates the impact of Kawachi rewiring. For
0.0pOO00. 1, the av e riabgteeem e
nodes has dropped rapidly from 25.6 down to about 6,
giving SmaltWorld networks. These networks, though
having a low average distancetai@ much of the
original network structure, reflected in a clustering
coefficientC close to the initial value of 0.4 [4],[5].
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Figure 2: The Kawachi Process

infection.

Figure 3: An example Random network during the
simulation process

Figure 4 shows a different experimental run for the same
network, with an infection peak occurring slightly later.
This closely resembles Figure 1, where the infection
peak occursat time 34,although the peals slightly
lower (122 individuals), while the total number of
people infected is higher (378).
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Figure 4: Agentbased simulation of disease spread for

the Random network in Figure 3

For the Torus, in contrast, the numbeof infected

disease simulation once each over 20 different generated
networks for each value of the Kawachi parampter

For SmalWorld, Random, and Scaleee networks,
pandemics omur at abouto > 04. For the Torus
network © = 0), a higher value of about> 0.6 is
required. This effect has also been reported by Watts
and Strogatz [7].

people remains roughly constant over time, and the total
number infected increases approximately linearly, as the

disease burns slowly around the Torus.

Figure 5

illustrates this. The disease burns for longer, but infects

fewer people than for the Ramm network, since it

tends to die out early. For a network that was inherently Figure 6: Total number of people infected for different

two-dimensional, | would increase approximately
linearly with time, so that the total
individuals infected would increase quadraticallgtill
much slower than thexponential growth with the
Random network illustrated in Figure 4, and giving a
smaller and later peak for. We are particularly
interested in the change in diseapeeading behaviour
as the network transitions towards a Random topology.

Figure 5: Agentbasedsimulation of disease spread for

the Torus network

4. THE PANDEMIC THRESHO LD

number of

networks and values of

For a network withaverage degree, or number of
contacts per person, df we would expect the threshold

to occur abb & 1. However, this ignores the fact that,

i n structured net wor ks, mé
(from the point of view of the disease organism) in that
theylead to people that have already being infected by
related individuals. Unstructured randonetworks
transmit disease wedince from the point of view of the
disease organismo | i nks .0amd&andoma s t
networks ofN people, the average distanDebetween
people is approximately given by [8]:

(4)

We can invert this to define the effective degdegof
an arbitrary network by:

et = NP 5)

This relates each network to an equivalent random
network with similar diseasgpreading ability. For the
Random networks in our experiments, this effective
degree is 5.5, while for the Torus network it is 1.3. If,
as has been suggested [6], the human race has an
average distance of 7 (cor
s epar athis wonld pive the human network an
effective degree of about 25.

Figure 7 illustrates the usefulness of this concept of
effective degreé the transition to a pandemic occurs

When we examine the total number of people infected,approximately when the effective reproduction number

shown in Figure 6, we can distinguish pandemics (wherey g = 1 (corresponding t@ = 0.2 for the Random
most of the population is infected) from disease network, anc= 0.8 for the Torus).

outbreaks which die ogtarly. Each data point in Figure

6 represents an average resulting from running the



