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Two results emerge. First, the critical infectiousness rp ), at which
the disease infects half the population, decreases rapidly for small p
(Fig. 3a). Second, for a disease that is sufficiently infectious to infect
the entire population regardless of its structure, the time T(p)
required for global infection resembles the L(p) curve (Fig. 3b).
Thus, infectious diseases are predicted to spread much more easily
and quickly in a small world; the alarming and less obvious point is
how few short cuts are needed to make the world small.

Our model differs in some significant ways from other network
models of disease spreading®**. All the models indicate that net-
work structure influences the speed and extent of disease transmis-
sion, but our model illuminates the dynamics as an explicit function
of structure (Fig. 3), rather than for a few particular topologies, such
as random graphs, stars and chains®>. In the work closest to ours,
Kretschmar and Morris** have shown that increases in the number
of concurrent partnerships can significantly accelerate the propaga-
tion of a sexually-transmitted disease that spreads along the edges of
a graph. All their graphs are disconnected because they fix the
average number of partners per person at k = 1. An increase in the
number of concurrent partnerships causes faster spreading by
increasing the number of vertices in the graph’s largest connected
component. In contrast, all our graphs are connected; hence the
predicted changes in the spreading dynamics are due to more subtle
structural features than changes in connectedness. Moreover,
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Figure 3 Simulation results for a simple model of disease spreading. The
community structure is given by one realization of the family of randomly rewired
graphs used in Fig. 1. a, Critical infectiousness rnq, at which the disease infects
half the population, decreases with p. b, The time T(p) required for a maximally
infectious disease (r = 1) to spread throughout the entire population has essen-
tially the same functional form as the characteristic path length L (o). Evenifonly a
few per cent of the edges in the original lattice are randomly rewired, the time to
global infection is nearly as short as for a random graph.
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changes in the number of concurrent partners are obvious to an
individual, whereas transitions leading to a smaller world are not.

We have also examined the effect of small-world connectivity on
three other dynamical systems. In each case, the elements were
coupled according to the family of graphs described in Fig. 1. (1) For
cellular automata charged with the computational task of density
classification®, we find that a simple ‘majority-rule’ running on a
small-world graph can outperform all known human and genetic
algorithm-generated rules running on a ring lattice. (2) For the
iterated, multi-player ‘Prisoner’s dilemma’"' played on a graph, we
find that as the fraction of short cuts increases, cooperation is less
likely to emerge in a population of players using a generalized ‘tit-
for-tat’ strategy. The likelihood of cooperative strategies evolving
out of an initial cooperative/non-cooperative mix also decreases
with increasing p. (3) Small-world networks of coupled phase
oscillators synchronize almost as readily as in the mean-field
model’, despite having orders of magnitude fewer edges. This
result may be relevant to the observed synchronization of widely
separated neurons in the visual cortex” if, as seems plausible, the
brain has a small-world architecture.

We hope that our work will stimulate further studies of small-
world networks. Their distinctive combination of high clustering
with short characteristic path length cannot be captured by
traditional approximations such as those based on regular lattices
or random graphs. Although small-world architecture has not
received much attention, we suggest that it will probably turn out
to be widespread in biological, social and man-made systems, often
with important dynamical consequences. O
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