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Abstract

We study the problem of spreading a particular behavior among agents located in a

random social network. In each period of time, neighboring agents interact strategically

playing a 2 × 2 coordination game. Assuming a myopic-best response dynamics, we

show that there exists a threshold for the degree of risk dominance of an action such

that below that threshold, contagion of the action occurs. This threshold depends on

the connectivity distribution of the network. Based on this, we show that the well-

known (and extremely popular in epidemiology) scale-free networks do not properly

support this type of contagion, which is better accomplished by a more intermediate

variance network. (JEL Numbers) C73, O31, O33, L14.
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1 Introduction

There is a wide range of situations where agents coordinate their decisions and form conven-

tions. Some paradigmatic examples are as diverse as the choice of a language, the adoption

of network goods (e.g., fax machines, cell phones, E-mail accounts etc.) or even the selec-

tion of which TV show to watch. In all of these examples it is clear that an agent’s decision

depends on the decisions of the subset of the population with whom he interacts. Therefore,

the population constitutes a social network where agents benefit from coordinating with

their neighbors.

A question that has drawn a lot of attention in the field of economics has been to determine

the properties that lead to the selection of one particular convention. Or by the same

token, to understand what makes some conventions more vulnerable than others. This was

originally analyzed by Kandori, Mailath and Rob (1993) and Young (1993) in a setting where

individuals were randomly matched to play a game every period. The dynamics considered

in these studies is a myopic-best response with a small mutation probability. The common

result is that the unique stationary stable state is such that the risk dominant equilibrium

is played. Building on top of this literature there are several papers that introduce the idea

that there is local interaction and thus agents only play with a subset of the population. For

instance, the work by Ellison (1993) considers individuals located in a circle and interacting

with the individuals to their right and left. Furthermore, Blume (1995), Morris (2000) and

Young (2003), among others, have developed techniques to study coordination games in

more general network structures.

Following this last approach, this paper analyzes the stability of conventions in a social

network. The dynamics is such that, every period, agents play a 2×2 coordination game with

each neighbor. Players are assumed to revise using a deterministic myopic-best response.

In other words, a player will choose the action that maximizes his current payoff given the

proportion of neighbors choosing each action in the previous period. Assuming that there is

an incumbent action played by all agents in the population (convention), the aim of this work

is to answer the following question: under which conditions a new action that is initially

played by a small seed can take off and spread to a significant fraction of the population?

Whenever this property holds we say that there is contagion.

One feature that distinguishes our approach from previous work in economics is the way
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the social network is modelled. We study random networks, that is, networks that have

been generated by a random process of link formation. This framework provides a natural

setting for the analysis of complex networks since it allows for intricate structures with

significant heterogeneity among its agents to arise. Moreover, random networks represent

a tractable benchmark case which can be studied through the statistical analysis of some

large-scale regularities. One fundamental property that characterizes a random network in

our setting is the connectivity distribution where the connectivity of an agent refers to the

number of direct connections he has. Two additional properties have obtained a great deal

of attention in the literature of networks. First, the clustering coefficient which describes

with which probability two neighbors of an agent are also neighbors of each other. Second,

the average path length which describes the average geodesic distance across pairs of nodes in

the network. It is well known that random networks have low clustering coefficient (precisely

because of the randomness of the link formation process) and short average path lengths.

Although low clustering is crucial for our results to hold, many real-world networks do not

satisfy this property, therefore, this analysis can only be considered as a starting point useful

for guiding further research.1

Although our results apply to any random network, for most of our discussions we focus

on the comparison between: homogeneous, exponential and scale-free networks. An homo-

geneous network is such that all nodes have approximately the same connectivity. In an

exponential network the upper tail of the connectivity distribution decreases exponentially

and thus, despite there is some variance, the average connectivity is representative of the

connectivity of most nodes in the network. Finally, a scale-free network has a power-law

connectivity distribution of the form P (k) ∼ k−γ where γ ranges between 2 and 3 which

implies that each node has a statistically significant probability of having a very large num-

ber of connections compared to the average connectivity. Thus, there is no representative

connectivity in the network which is the reason why they are called scale-free. The interest

in the study of scale-free networks is enhanced by the empirical evidence that many paradig-

matic examples of complex networks such as the WWW, the Internet and the human sexual

contact network, among others, are characterized by scale-free connectivity properties (see

e.g., Barabási et al.; 2000, Faloutsos et al.; 1999 and Lijeros et al.; 2001).

1The empirical literature on complex networks shows that most real-world networks are "small worlds",

i.e., exhibit high clustering and short average path lengths.
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In this paper we characterize, in terms of the degree of risk dominance, when there is

contagion of an action in the population, and state how this depends on the connectivity

distribution of the network. We study the implications of this general result to homogeneous,

exponential and scale-free networks and find that contagion is easier in exponential than

in scale-free or homogeneous networks. This would indicate that, the well-known fact in

epidemiology models (i.e., that scale-free networks are optimal for contagion purposes) does

not hold when instead of a physical contagion, of for example an infectious disease, we are

concerned with the contagion of a social-economic behavior.

The results obtained in this paper are derived using a mean-field approximation of the

dynamics. This approach, standard in statistical physics, has been used in a wide range

of problems dealing with complex systems since it provides a good approximation of the

qualitative features of stochastic dynamics.

The rest of the paper is organized as follows. Section 2 contains the model. The mean-

field theory is described in Section 3, whereas in Section 4 the results of the paper are

presented. In Section 5 some simulations of the original dynamics are provided as a test

for the mean-field approximations. Section 6 concludes with a discussion and some final

remarks.

2 The model

2.1 Social network

Consider a finite population where individuals interact with each other and form a social

network. Let Γ ≡ (N,L) represent the network where N = {1, 2, ..., i, ..., n} is the set

of individuals in the population (i.e., the nodes) and L ⊆ N × N is the set of pairwise

interactions among them (i.e., the links). Networks can be directed or undirected. Here,

to simplify matters, we consider undirected networks. This implies that if (i, j) ∈ L then

(j, i) ∈ L. We rule out the existence of reflexive links, that is, (i, i) /∈ L for any given i ∈ N .

Let Ni be the neighborhood of i, i.e., the set of individuals with whom i is directly linked.

Formally,

Ni = {j ∈ N, s.t. (i, j) ∈ L}.

In addition, let ki ≡ |Ni| be the number of neighbors of i, often referred as his connectivity

(or degree). The connectivity can differ across individuals in the population. Therefore, one

4



of the key characteristics of any network is the connectivity distribution. For any network Γ,

the connectivity distribution P (k) displays for each k = 0, 1, ..., n − 1 the fraction of nodes

with connectivity k. Specifically,

P (k) =
1

n
|{i ∈ N s.t. ki = k}| .

We now introduce three specific examples of connectivity distributions which will play a

prominent role in our discussions. An homogeneous network is such that all nodes have

the same connectivity, say k (i.e., P (k) = 1). An exponential network is such that the

connectivity distribution is an exponential function (i.e., P (k) ∼ e−k) and thus although

there is some variance in the connectivity of nodes, the average connectivity is representative

of the connectivity of most individuals in the population. A scale-free network exhibits

a power-law connectivity distribution (i.e., P (k) ∼ k−γ , where γ ranges between 2 and

3) which implies that there is a large variance in the connectivity of nodes. In fact, the

variance of a scale-free connectivity distribution tends to infinity as the size of the population

increases.

We assume that the network Γ is a realization of a random network. A random network

is a random variable characterized by the following two items: (i) a family of possible

networks Π and (ii) a probability distribution eP (Γ) (with support Π) indicating the ex-ante
probability with which each network Γ ∈ Π is selected. Throughout the paper we assume

random networks characterized by a connectivity distribution. To be more precise, given

a connectivity distribution P (k), let the set Π contain all the networks with connectivity

distribution P (k) and let eP (Γ) be a probability distribution which selects uniformly at
random anyone of the networks in Π.2

Finally, we assume that the network has a giant component which means that there exists a

unique connected subgraph of the network whose relative size remains bounded above zero

as the number of nodes tends to infinity. A sufficient condition for this to hold in random

networks with arbitrary connectivity distribution is hki > 2, where hki denotes the average

connectivity in the network.3

2 It is generally difficult to define mechanisms for constructing random networks with arbitrary connec-

tivity distributions. However, the so-called configuration model proposed by Bender and Cannfield (1978)

is a stochastic process of network formation which provides a good approximation of a random network.
3The condition for the existence of a giant component in random networks, first derived by Mollow and

Reed (1995), is hk2i− 2hki > 0 where hk2i is the second order moment of P (k).
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2.2 Dynamics

We consider a dynamics that describes the evolution of players’ choices through time. At

time t, each agent plays a 2 × 2 game with each neighbor and chooses an action from the

space S = {0, 1}. It is our assumption that an agent cannot make contingent his action on

his neighbor. This assumption is natural in this context since otherwise the behavior of an

agent would be independent of the network structure.

Payoffs from each interaction in each period are given by a function π(s, s0) where s, s0 ∈ S,

and they are summarized in the following symmetric matrix

j

i
1 0

1 d e

0 f b

(1)

We assume that d > f and b > e. This implies that the game is a coordination game (whose

Nash equilibria are (0, 0) and (1, 1)).

Player i’s payoff from playing si ∈ {0, 1} when the strategy profile of the remaining players

is s−i is given by

Πi(si, s−i) =
X
j∈Ni

π(si, sj)

Thus, an individual’s payoff is simply the sum of the payoffs obtained across the bilateral

games in which he is involved.

The dynamics can then be described as follows. At each time t, with a certain probability a

player, say i, revises his strategy and chooses a myopic-best response. This implies that, if

at time t the proportion of neighbors choosing 1 is higher than q ≡ b−e
d−f+b−e , then i’s best

response is to choose 1. Otherwise i chooses 0. For simplicity and without loss of generality,

let us assume that if the proportion of neighbors choosing 1 equals q, action 0 is chosen. The

value q is often called the degree of risk dominance of action 1. Notice that q determines a

lower bound for the fraction of individuals that must be choosing 1 in order to make action

1 preferred to action 0. If q ≤ 1/2 action 1 is risk dominant.4 Also, the higher the degree of

risk dominance of action 1 the lower the value of q.

4An action is risk dominant in a 2 × 2 game if it is a best response to a mixed strategy played by the

opponent that assigns equal probability to both actions.
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Our aim in this paper is to obtain the conditions under which a small seed of agents adopting

a certain action can spread to a significant fraction of the population. We also want to

determine how this depends on the properties of the social network. To fix ideas, consider

that action 0 is the incumbent (or default) action. That is, initially the whole population

chooses action 0. Notice that this state, as well as the state where all individuals are choosing

action 1, is a stationary state of the dynamics. Now assume that a small seed of individuals

switch to action 1. Given the dynamics described above we want to know if the action will

spread significantly or if it would eventually disappear.

3 Mean field theory

The study of this stochastic process (an infinite Markov chain) is hard to solve for explicitly.

This is why we do a series of approximations. We first approximate the random discrete time

dynamics by its continuous counterpart where individuals revise their strategy at a certain

rate every period. Furthermore, as will become clear later in the paper, some local variables

relevant for the dynamics are substituted by their average values. This approach, denoted

by mean-field approach, has been widely used in other areas of science since it describes

successfully the main qualitative features of the stochastic dynamics.

Several assumptions make the mean-field approach reasonable. First, the population must

be sufficiently large (i.e., n → ∞). Second, the connectivity of linked nodes must be sto-

chastically independent and third, there should be absence of network clustering. The two

last assumptions reflect a situation where the induced network displays "no structure", i.e.,

the characteristics of any given node is unaffected of structural correlations. It is worth

emphasizing that these features are approximately true in random networks. Finally, we

make the additional assumption that the giant component encompasses all the nodes in the

network. In other words, the network is connected, i.e., there is a path connecting any two

nodes from the network.

Denote by ρk(t) the proportion of agents with k links that are choosing action 1 at time t.

The probability that any given link points to an agent choosing 1 is denoted by θ({ρk(t)}k)

and can be calculated as

θ(t) =
1

hki
X
k

kP (k)ρk(t) (2)
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where the average connectivity can be computed as

hki =
X
k

kP (k).

Thus, the probability that an individual with k links has exactly k1 neighbors choosing 1,

follows a binomial distribution with a pdf given by

¡
k
k1

¢
θk1(1− θ)(k−k1)

Note that θ(t) is used as a mean-field parameter since it is considered the same for all nodes

independently on their connectivity or position in the network.

An individual with k neighbors and with k1 of them choosing 1, chooses action 1 with

probability

Pq(s = 1 | k1, k) =

⎧⎨⎩ 1 if k1/k > q

0 if k1/k ≤ q
. (3)

Also denote as Pq(s = 0 | k1, k) the probability that an individual with k neighbors and

such that k1 of them are choosing action 1, chooses action 0. It is straightforward to see

that Pq(s = 1 | k1, k) + Pq(s = 0 | k1, k) = 1.

Given θ(t) an agent with connectivity k chooses action 1 at a rate

rate(1 | k, θ(t)) =
kX

k1=0

λPq(s = 1 | k1, k)
¡
k
k1

¢
θ(t)k1(1− θ(t))(k−k1)

and chooses action 0 at a rate

rate(0 | k, θ(t)) =
kX

k1=0

λPq(s = 0 | k1, k)
¡
k
k1

¢
θ(t)k1(1− θ(t))(k−k1)

where λ > 0 is the rate at which an individual revises his strategy.

Then, the law of motion of the system may be written as

dρk(t)

dt
= −ρk(t)rate(0 | k, θ(t)) + (1− ρk(t))rate(1 | k, θ(t)). (4)

Roughly speaking, equation (4) says the following: the variation of the relative density

of agents with connectivity k choosing 1 at time t, equals the proportion of agents with

connectivity k choosing 0 that switch to 1 at time t, minus the proportion of agents with

connectivity k choosing 1 that switch to 0 at time t.
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After imposing the stationary condition
dρ

k
(t)

dt = 0 we obtain the equation valid for the

behavior of the system at large times,

ρk(θ) =
kX

k1=0

Pq(s = 1 | k1, k)
¡
k
k1

¢
θk1(1− θ)(k−k1) (5)

Upon replacing equation (5) in equation (2) we obtain that

θ = Hq(θ) (6)

where

Hq(θ) ≡
1

hki
X
k

kP (k)
kX

k1=0

Pq(s = 1 | k1, k)
¡
k
k1

¢
θk1(1− θ)(k−k1).

The solutions of equation (6) are the stationary values of θ. Given θ we can also compute

the fraction of players choosing 1 in the stationary states as ρ =
X
k

P (k)ρk(θ) .

4 The results

In this section we present the main results of the paper. For concreteness, we define first

the concept of contagion.

Consider the mean-field dynamics described above and a network with connectivity distri-

bution P (k). Then, we say that there is contagion of action 1 if, starting at an initial

state with an infinitesimally small fraction of agents choosing 1, the mean-field dynamics

converges to a stable state with a positive fraction of agents choosing 1.

Notice that in the previous definition we do not specify what will be the size of the final

fraction of agents choosing 1 since this is often hard to compute. The extreme case, however,

where the whole population eventually adopts action 1 will be referred as global contagion.

We will come back to this issue in Section 5 where we determine throug simulations, the

number of agents choosing action 1 in the long run of the dynamics for some simple networks.

We now present Theorem 1 followed by some corollaries.

Theorem 1 Given a random network with connectivity distribution P (k), there exists a

threshold for the degree of risk dominance of action 1, q∗ ∈ [0, 1], such that contagion occurs

if and only if q < q∗.
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Proof : Using the mean-field stationary equations derived above we can find the stationary

values of θ as implicitly determined by equation (6). Replacing equation (3) in equation (6)

we obtain the following fixed point equation,

θ = Hq(θ) =
1

hki
X
k

kP (k)
kX

k1=[kq]+1

¡
k
k1

¢
θk1(1− θ)(k−k1)

where [x] stands for the highest integer smaller or equal to x.

As illustrated in Figure 1, for any given q ∈ [0, 1] the states corresponding to θ = 0 and

θ = 1, i.e., the states where all players are choosing the same action (either 0 or 1), are

stationary. Thus, to proof Theorem 1 we must determine which values of q make the state

θ = 0 unstable. This is equivalent to computing the values of q satisfying the following

condition,

H 0
q(0) ≥ 1

where

H 0
q(0) =

1

hki
X
k≥1

kP (k)
³
k
[kq]+1

´
(0)[kq]

=
1

hki

[1/q]X
k≥1

kP (k)
¡
k
1

¢
=

1

hki

[1/q]X
k≥1

k2P (k).

We can thus implicitly determine the threshold as follows,

q∗ = arg min
q∈[0,1]

1

hki

[1/q]X
k≥1

k2P (k) (7)

such that
1

hki

[1/q]X
k≥1

k2P (k) ≥ 1

¤

Insert Figure 1 about here

The intuition behind the contagion condition is the following. Assume for simplicity that

there is only one agent choosing action 1 in the initial state of the dynamics. We define as

a vulnerable node, a node that prefers action 1 to action 0 even in the case where only
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one of its neighbors is choosing 1. Formally, given q and the network Γ the set of vulnerable

nodes is

V (Γ) = {i ∈ N s.t. q <
1

ki
}.

Given that the network is random, it can locally be considered as a tree (i.e., a network with

no cycles). This in particular implies that the set of vulnerable nodes are crucial for the

contagion process to take off, since the chances that a node has two of its neighbors choosing

action 1 is very small. Notice that, if the network is a tree this probability is precisely 0.

Therefore, at least in the initial stages of the dynamics, the only nodes that switch to action

1 are the vulnerable nodes. Consequently, in order to have contagion the subgraph formed

by the vulnerable nodes needs to be relatively large and, more importantly, well connected.

To phrase it in a different way, the set of vulnerable nodes must form a giant component.

Note that this will crucially depend on P (k) and q as the contagion threshold provided by

Theorem 1 indicates.

Several interesting points follow from Theorem 1. Note that action 1 must be risk dominant

in order for contagion to occur.5 Furthermore, if there exists a maximum connectivity in

the network, say kmax, then, for q sufficiently low (e.g., q < 1
Kmax

) there is global contagion.

That is, action 1 will eventually be played by the whole population. This observation is

trivial since, if q < 1
Kmax

all nodes are vulnerables.

One of the main purposes of this paper is to compare the threshold obtained for different

connectivity distributions. More specifically, we would like to consider networks with the

same density of links (i.e., average connectivity) but distributed differently (i.e., different

variance). To begin addressing this issue let us consider the following simple example.

Assume that the connectivity of individuals can take only two values which distance from

the average a ∈ [0, hki]. Specifically, given a ∈ [0, hki] the connectivity distribution is

Pa(k) =

⎧⎨⎩ 1
2 if k = hki+ a

1
2 if k = hki− a

These distributions have all the same average connectivity. Also note that half of the

population has connectivity hki+ a whereas the other half has connectivity hki− a.

5This follows from the fact that if action 1 is not risk dominant (i.e., q > 1
2
) a necessary condition for

contagion is P (1)
hki ≥ 1 which never holds for random networks with a giant component.
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Using equation (7) we can compute the threshold for different values of a. For instance if

a ≤ hki −
p
2hki then q∗(a) = 1

hki−a whereas, if a > hki −
p
2hki then q∗(a) = 1

hki+a . It

is straightforward to show that q∗(a) is maximized when a∗ = hki−
p
2hki. Consequently,

the contagion threshold reaches its maximum in a network with an intermediate variance.

An intuition for this result is the following. On the one hand, in order to induce contagion

the set of nodes with low connectivity (k = hki− a) have to be vulnerables, or equivalently

q∗(a) ≤ 1
hki−a . Note that, the higher the variance the lower the connectivity of the vulnerable

nodes and thus the higher the upper bound for q∗(a). However, as discussed previously, to

enhance contagion the set of vulnerables must form a giant component and this can only

hold if their connectivities are not too low (i.e., if the connectivity variance is not too high).

As the variance increases these two opposite effects take place and this is precisely what

makes the contagion threshold non monotonic with respect to the variance.

As the previous example shows there is no trivial relationship between the contagion thresh-

old and the variance of the connectivity distribution. The previous example, however, focuses

on a very particular and unrealistic class of networks. We therefore study next if this result

extends to more interesting types of networks. In what follows, we compare the contagion

threshold of an homogeneous, an exponential and a scale-free network. The standard result

in epidemiology is that scale-free networks are more vulnerable to epidemics than expo-

nential and homogeneous networks. Nevertheless, this is not true for the contagion process

described in this paper. To show this, let us first determine explicitly the contagion threshold

for homogeneous networks.

Corollary 2 The contagion threshold for a random network with an homogeneous connec-

tivity distribution is q∗ ' 1
hki .

In particular, this corollary implies that q∗ is decreasing with respect to the average con-

nectivity. In other words, networks with high density are more resistant to the adoption of

a new action.6 To show this, observe that the connectivity distribution of an homogeneous

network is

P (k) =

⎧⎨⎩ 1 if k = k

0 if k 6= k
.

6This, ofcourse, is subject to the condition hki > 2 which guarantees the existence of a giant component

in the network.
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Notice that, in this case, equation (7) can be simplified as follows

1

hki

[1/q]X
k≥m

k2P (k) =

⎧⎨⎩ k if [1/q] ≤ k

0 if [1/q] > k

Therefore, the threshold is implicitly determined by the condition

[1/q∗] = k

which implies that q∗ ' 1
k
.

It is obvious that in homogeneous networks whenever the degree of risk dominance of action

1 is below the threshold there is global contagion whereas, if the degree of risk dominance

is above the threshold action 1 rapidly vanishes.

Let m ≥ 1 and consider a scale-free network with connectivity distribution PSF (k) ∝ k−2.5

for k ≥ m and PSF (k) = 0 otherwise. Also consider an exponential network with connec-

tivity distribution PE(k) ∝ e−k/2m for k ≥ m and PE(k) = 0 otherwise. Finally, consider

an homogeneous network such that PH(k) = 1 if k = 3m. Note that in all cases the average

connectivity equals 3m. Then, to obtain the condition for contagion we must substitute

PSF (k), PE(k) and PH(k) in equation (7). We show, using numerical computations, the

following corollary.

Corollary 3 Consider an homogeneous, an exponential and a scale-free random network

with connectivity distributions PH(k), PE(k) and PSF (k) respectively. Then,

q∗H ≤ q∗SF ≤ q∗E.

The results are summarized in Figure 2 where we represent the contagion threshold as a func-

tion of the average connectivity for the homogeneous, exponential and scale-free networks

introduced above (green, red and blue curve respectively). Notice that, as in the previous

example, the network with an intermediate variance is the most successful for contagion.

The reason for this again has to do with the existence of a giant component of vulnerable

nodes. This result differs from what standard contagion models proposed to describe epi-

demics have shown. Also notice that the higher the average connectivity of the network the

lower the threshold.

Insert Figure 2 about here
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5 Simulations

In this section we run simulations to test the validity of the mean-field approximations. We

concentrate on the simple example presented above where the connectivity distribution only

takes two values. That is,

Pa(k) =

⎧⎨⎩ 1
2 if k = hki+ a

1
2 if k = hki− a

We generate four random networks each with n = 1000 nodes and an average connectivity

of hki = 20. The difference among these networks is a, which takes the values 8, 11, 15 and

17. Notice that the higher a the higher the variance of the connectivity distribution.

We consider the discrete version of the continuous dynamics used to derive the theoretical

results. In this respect we assume that in every period one (and only one) agent is chosen to

revise his action. Note that the definition of contagion cannot be described in the exact same

way as in the infinite population case used for the mean-field approximations. We therefore

simply look at the fraction of individuals choosing action 1 in the long run of the dynamics

and compare the results for the different networks generated. We fix q = 1
10 , which means

that an agent would choose action 1 if and only if the fraction of neighbors choosing 1 is

above 1
10 . As illustrated in Figure 3, we find how the fraction of agents choosing 1 changes as

a function of the periods of the dynamics for the four networks generated (i.e., a = 8, 11, 15,

and 17; yellow, red, blue and green curve respectively). The data are the average of 100

simulations. For each simulation the initial condition is such that agents are choosing 1 in

period t = 1 with probability 0.01. Thus, in the initial period approximately 10 agents are

choosing action 1.

Insert Figure 3 about here

Notice that, similarly to what was already shown in the theoretical approach, the diffusion of

action 1 is larger for networks with an intermediate variance (i.e., for a = 11 and, although

significantly less, for a = 15). Notice that, all networks except the one where a = 8 have 500

vulnerable nodes. This is why there is no diffusion at all in the case a = 8 whereas, there is

at least some diffusion in all the remaining cases. Furthermore, the network with the highest

variance (i.e., a = 17) has very little diffusion since the connectivity of the vulnerable nodes

is too small for them to form a giant component. We can conclude that the network with

largest diffusion is the one satisfying that it is the closest to the homogeneous case (i.e.,
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where a = 0), under the restriction that the low connectivity nodes are vulnerables. In this

case, this corresponds to the network where a = 11.

6 Conclusion and discussion

In this paper we have studied the contagion of a behavior with social-economic relevance in a

population triggered by a small initial seed. We have analyzed this phenomenon using a sim-

ple binary-decision model where individuals play a coordination game with their neighbors.

The interaction structure is modelled as a random network with an arbitrary connectivity

distribution. We provide a threshold for the degree of risk dominance of a certain behavior

that indicates whether the behavior spreads and becomes persistent or does not spread and

vanishes.

We assume a contagion dynamics analogous to the dynamics proposed in previous works

in the field of economics (see e.g., Morris; 2000, Young; 2003, among others). The main

difference with this literature relies on the types of networks considered. For instance,

Morris (2000) assumes a network with a known deterministic shape and a high degree

of regularity, whereas we consider networks generated randomly and therefore complex.

The main result in Morris (2000) is that the properties of low neighborhood growth and

uniformity favor the contagion of a new behavior. The types of networks we consider

are random and thus have by definition a short average path length which in particular

implies a high neighborhood growth. Therefore, the previous result does not apply to our

networks. Moreover, we concentrate on analyzing how the contagion threshold depends on

the connectivity distribution of the network, something that had not been addressed before

in this context.

There is also a vast literature in epidemiology and, in recent years, statistical physics that

analyzes the phenomenon of the contagion of a disease (or computer virus) in a population

(or in the Internet). Some instances of this literature, as for example the paper by Pastor-

Satorrás and Vespignani (2001), also model the network as random and use mean-field theory

to derive the results. Nevertheless, in social contexts the diffusion of behavior often exhibits

features that do not match well those of the epidemic models. In the epidemic diffusion, the

transmission of an infection depends on the absolute number of infected neighbors whereas

in social contagion there are coordination effects involved, and thus relative numbers are
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also important. In other words, in order to adopt a behavior the number of non-adopters

is also relevant. The present paper incorporates these considerations and obtains results

different to the ones described in the literature of epidemiology. For example, Pastor-Satorrás

and Vespignani (2001) show that scale-free networks are the best structures for spreading

a disease whereas, in our framework, this is better accomplished by networks with lower

variance in the connectivity of agents (such as exponential networks).

There are a few other studies about coordination effects on networks that attempt to recon-

cile the approaches used in economics and epidemiology. For instance, the work by Watts

(2002) studies, using percolation theory instead of mean-field, how diffusion waves (unidirec-

tional processes of propagation) advance in a large population.7 Although in Watts (2002)

the behavior of individuals is also characterized by a threshold determining when to adopt or

not, he provides no micro-foundation of how these behavioral rules arise. Moreover, Watts

(2002) does not focus on the effect that the variances of the networks has on the predictions,

which is the main question addressed in our paper. Finally, in López-Pintado (2004) a gen-

eral family of contagion processes are studied on random networks. However, in contrast to

what we do in this paper, the transition rates (from non-adopter to adopter and vice versa)

are not symmetric and thus the model proposed in López-Pintado (2004) is closer to the

standard susceptible-infected-susceptible models studied in epidemiology.

We would like to conclude by briefly summarizing some additional literature that relates

network structure to individual behavior in other contexts. There is a set of studies dealing

with markets and networks that explains how the complex structure of bilateral trades

and relationships affects the market outcomes and specifically price dispersion (see e.g.,

Corominas-Bosch; 2005, Kakade et al.; 2005 and Kranton and Minehart; 2001). Other

studies, analyze how information propagates through a network. For instance, the work by

Calvó-Armengol and Jackson (2004) studies the labor market and proposes a model where

agents obtain information about jobs through a network of connections. Other examples are

the study of the provision of local public goods (see e.g., Bramoullé and Kranton; 2005) or

the study of how network structure influences criminal activity (see e.g., Calvó-Armengol

and Zenou; 2004). The fact that there is a wide variety of settings where network structure

7 In the work by Watts (2002) the analytical results are derived using percolation theory instead of mean-

field theory which is appropriate for unidirectional processes of propagation. The advantage of the mean-field

approach, however, is that it can be easily extended to account for more general contagion processes (see

e.g., López-Pintado and Watts; 2005 and Dodds, López-Pintado and Watts; 2005).
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is a crucial determinant of behavior makes it clear that this is an important area for further

study. Furthermore, the study of complex networks is a rather interdisciplinary field of

research where areas such as biology, physics and social sciences share interests, insights and

methodological tools. We think that this feature should be exploited since lessons learned

in one field could be useful for another. This paper is an attempt to move in this direction.
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Figure 1: Representation of Hq(θ) for three values of q. It is illustrated how the shape

of Hq(θ) is concave for low values of q, convex for high values of q, and might be neither

concave nor convex for intermediate values of q.
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Figure 2: Values of the contagion threshold (q∗, ordinate) for an homogeneous (green),

exponential (red) and scale-free (blue) network, as a function of the average connectivity

(hki, abscissa).
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Figure 3: Proportion of individuals choosing 1 (ordinate) as a function of the periods (ab-

scissa) for networks with a = 8 (yellow), a = 11 (red), a = 15 (blue) and a = 17 (green).
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