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Social networks pervade our everyday lives: we interact, influence, and are influenced by our friends
and acquaintances. With the advent of the World Wide Web, large amounts of data on social networks
have become available, allowing the quantitative analysis of the distribution of information on them,
including behavioral traits and fads. Recent studies of correlations among members of a social network,
who exhibit the same trait, have shown that individuals influence not only their direct contacts but also
friends’ friends, up to a network distance extending beyond their closest peers. Here, we show how such
patterns of correlations between peers emerge in networked populations. We use standard models (yet
reflecting intrinsically different mechanisms) of information spreading to argue that empirically observed
patterns of correlation among peers emerge naturally from a wide range of dynamics, being essentially
independent of the type of information, on how it spreads, and even on the class of underlying network that
interconnects individuals. Finally, we show that the sparser and clustered the network, the more far
reaching the influence of each individual will be.
DOI: 10.1103/PhysRevLett.112.098702

PACS numbers: 89.65.Ef, 87.23.Kg, 89.75.Fb, 89.75.Hc

Human societies are embedded in complex social networks on which information flow—associated with traits
such as emotions, behaviors, ideas, or fads—is ubiquitous
[1–12]. What determines the patterns observed has
become extremely valuable, with applications extending
to all areas of human activity. Several studies have focused
on the role played by social networks on the spread of
information between individuals, by making use of email
and blog databases and online social networks such as
Twitter [11,12] and Facebook [6,7]. Such empirical studies
have shown how social networks affect the propagation of
health issues [13,14], ideas [15], criminal behavior [16,17],
economic decisions [18,19], school achievement [20], and
cooperation [21,22], among other human traits.
In what concerns the correlation patterns observed,
Fowler and Christakis [22–25] recently proposed a three
degree of influence rule based on the statistical analysis of
the Framingham Heart Study database, from which a social
network was inferred. Correlations among individuals were
analyzed for traits as diverse as smoking habits, alcohol
consumption, loneliness, obesity, cooperation, or happiness. These correlations reflected the relative increase in
probability—when compared with a random arrangement
—that two individuals share the same trait as a function
of the network distance, defined as the smallest number of
links connecting those individuals in the network [see
Fig. 1(a)]. They found that similar and nontrivial correlations emerge from distinct traits and persist in the period
studied, suggesting the validity of a three degrees of
0031-9007=14=112(9)=098702(5)

influence on social networks. In other words, not only
our “friends” but also our friends’ friends together with
their friends exhibit a positive correlation of traits. More
recently, analysis of cooperation on social networks of
hunter-gatherers revealed a degree of influence of 2 [26].
Here, we investigate the degree of peer influence that
emerges from different dynamical processes representative
of a plethora of phenomena occurring in networked
populations—the spread of cooperative strategies, opinions, and diseases. Individuals are assigned to nodes of a
complex network, whereas links between them represent
interactions. We show that, for each network class considered, different processes often lead to the same degrees of
influence, suggesting that peer influence is insensitive
to the process at stake. On the other hand, we find that
simple topological properties of the underlying networks,
such as the average connectivity (hki) and the clustering
coefficient, ultimately determine the number of degrees
of influence observed, which systematically falls between
3 and 2, in agreement with the results stemming from
empirical analyses of correlations in present [22–25] and
past [26] social networks.
We start by studying the evolutionary dynamics of
cooperation [5,27], modeled as peer-to-peer interactions
by means of the famous Prisoner’s Dilemma (PD) metaphor
[27]. The word dilemma in the PD stems from the decision
conflict that occurs when 2 individuals must simultaneously decide whether to Cooperate (C) or to Defect (D)
towards the other. The game returns R ¼ 1 for mutual
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FIG. 1 (color online). (a) Network distance of a given node to
the focal individual (black circle) defined as the smallest number
of network links that separate the two (given by the number inside
each circle). (b) Examples of correlation patterns as a function of
j=Z (where j is the number of cooperators present in a population
of size Z), emerging from the evolutionary PD game in homogeneous small world networks of size Z ¼ 103 and degree
hki ¼ 4; the ratio δn ðj=ZÞ=δ1 ðj=ZÞ provides an adequate normalization that renders the correlation patterns approximately
constant for most values of j=Z. Similar patterns are obtained
both for VM and SIR dynamics.

cooperation, P ¼ 0 for mutual defection, S ¼ −λ when
playing C against a D, and T ¼ 1 þ λ when playing D
against a C (λ > 0 measures both the temptation to defect
and the fear of being cheated [28]). The ranking T > R >
P > S implies that maximizing one’s own payoff leads
each individual to choose D, irrespective of the decision of
the other, such that the outcome will be mutual defection
(pure Nash equilibrium for λ > 0). This outcome, however,
is not the best for the pair, as mutual cooperation would
lead to a better outcome for both of them. In the evolutionary version, the accumulated return from the interactions with all neighbors is interpreted as a measure of
success (or “fitness”), such that some strategies (C or D)
may become more attractive than others. We assume that
individuals revise their behavior based on the perceived
success of others: an individual A imitates a randomly
chosen neighbor B with probability p ¼ ½1 þ e−βðfB −fA Þ −1,
where f A (f B ) stands for the fitness of A (B) and β denotes
the intensity of selection [29]. In the mean-field limit, in
which everyone is equally likely to interact with anyone
else (also known as well-mixed population approximation),
this dilemma inexorably condemns cooperation to extinction [27], a fate which may change when individuals are
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embedded in a social network represented by means
of a graph, in which structural diversity is ubiquitous
[1–3,5,7–10,22–26,28,30–35].
In practice, however, the (population) dynamics of peer
influence does not need to be fitness-driven or constrained
by any type of social dilemma. To investigate opinion
dynamics, we adopt a variant of one of the simplest and
most commonly used models of opinion formation—the
Voter Model (VM)—in which an individual can be influenced by a randomly chosen neighbor to adopt the opinion
of the latter with probability p ¼ 1.0 [10,36–38]. We
confirmed that lower values of p do not change the results
discussed below.
Moreover, information transmission has been sometimes
regarded as contagious [15,39], similar to the propagation
of infectious diseases [10]. Hence, we also study a widely
used model of disease spreading, the Susceptible-InfectedRecovered model (SIR) [40], in which individuals can be in
a susceptible (S), infected (I), or recovered (R) epidemiological state [10,40]. An infected individual can either
infect a susceptible neighbor at an infection rate α or
recover and become immune at a recovery rate γ.
Given the structural diversity of social networks
[2,3,30,34] in which some individuals interact and/or
are taken as role models more and more often than others,
we investigate the role played by the distribution of the
number of first neighbors of each individual (the degree
distribution [2]) and clustering [2,35] (a measure of the
number of individuals’ neighbors who are also neighbors
of each other) in the emerging patterns of correlations. To
this end, we employ four network classes [30,41] with
increasing variance of the degree distribution and similar
low levels of clustering: homogeneous and heterogeneous
small-world networks and exponential and scale-free
networks [2,3,30]. Homogeneous small-world (HoSW)
networks were obtained by repeatedly swapping the ends
of pairs of randomly chosen links of a regular ring.
Scale-free networks were obtained combining growth
and preferential attachment, following the model proposed
by Barabási and Albert (BA) [2]. Exponential networks
(EXP) were obtained by adopting the same algorithm, with
preferential attachment replaced by random attachment [2].
Heterogeneous small-world (HeSW) networks were built
adopting the limit p ¼ 1 of the Watts-Strogatz model [35],
in which all links are rewired. Results reported in the
main text refer to networks with Z ¼ 103 (see Fig. 2) nodes,
of the same order of magnitude of those investigated in
Refs. [22–25] and for which finite-size effects are nonnegligible. In the Supplemental Material [41], we investigate in detail the behavior of correlations as a function of
the network size.
Let j be the number of individuals carrying one of the
traits in a population of size Z. For each dynamical process
and each j=Z we determine the propensity δn ðj=ZÞ that 2
individuals at a distance n self-organize in the same trait
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FIG. 2 (color online). Peer influence in social networks. Upper panels: δn =δ1 for recovered and infected individuals in the SIR
epidemic model taking place in (a) homogeneous small world networks, (b) heterogeneous small world networks, (c) exponential
networks, and (d) scale-free networks. Lower panels: Critical degree of peer influence nc (defined as the largest network distance n for
which δn > 0) for different values of average degree hki and network classes shown in the top panels, for the following traits and
processes (see main text for details). (e) Recovered and infected individuals in the SIR epidemic model (as above), (f) individuals with
the same opinion in the VM, and (g) cooperators in the evolutionary PD game. All panels correspond to networks of size Z ¼ 103 , and
results in the upper panels were obtained for networks with an average degree hki ¼ 6. For larger network (and population) sizes, the
negative values of the peer-influence correlation amplitudes that one obtains above nc (see upper panels) will slowly approach 0,
highlighting the importance of finite-size effects in evaluating peer-to-peer processes. The reason for the negative correlation values
for n > nc in finite (and small) networks is clear: at a network distance nc , most of the individuals with the same trait have been
already sampled (see Fig. 2 in the Supplemental Material [41]); thus, for larger network distances, negative correlations will inevitably
build up. At any rate, it is possible to clearly identify two regions of influence separated by nc (see the Supplemental Material [41] for
additional details).

relative to a random distribution of traits [23,24]. This quantity can be written as δn ðj=ZÞ ¼ ϵn ðj=ZÞ=ϵrand
n ðj=ZÞ − 1,
where ϵn ðj=ZÞ is the average probability that a node shares
the same trait with nodes located at a network distance
n and ϵrand
n ðj=ZÞ is the same quantity associated with a
random distribution of traits, given by j=Z. The network
distance (n) between individuals corresponds to the smallest number of links separating two nodes of a complex
network, as depicted in Fig. 1(a). Additionally, we define
nc as the largest number of links (network distance) n for
which δn remains positive (nc ¼ 3 in Refs. [22–25] and
nc ¼ 2 in Ref. [26]).
To obtain ϵn ðj=ZÞ we compute, for each network
configuration, the average fraction of nodes that exhibit
the same trait at a distance n. Hence, for each dynamical
process, ϵn ðj=ZÞ results from averaging over 106 independent network configurations. For the PD and VM processes, simulations where carried out starting from random
configurations of traits; configurations included in the
average were extracted after a transient of 103 generations
(1 generation ¼ Z iterations). For the SIR process, each
simulation was started with a single I in a population of S; α

and γ where defined such that the population would often
reach a state with no Is left (Supplemental Material [41]).
The upper panels of Fig. 2 illustrate the normalized
correlation values δn =δ1 , which as shown in Fig. 1(b) are
approximately independent from j=Z, obtained for the
SIR dynamics in HoSW, HeSW, EXP, and BA networks.
We observe that, regardless of the network topology,
nc ¼ 3 as in Refs. [22–26]. Similar trends are also obtained
for the two other dynamical processes introduced above
(Supplemental Material [41]). This is shown in the
lower panels of Fig. 2, which also show how the critical
network distance (nc ) stabilizes at nc ¼ 2 with increasing
network connectivity (e.g., hki), independently of the network structure, cluster coefficient, and dynamical process
(see also the Supplemental Material [41]). On the contrary,
deviations from this universal behavior of nc are obtained
only whenever networks become very sparse, associated
with the smallest values of the average connectivity.
Counterintuitively, the sparser the underlying network, the
more far reaching the influence of each individual will be,
extending beyond the most pervasive value of 2. Needless to
say, the absolute values of the correlations, depicted in the
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upper panels, will depend on the specific model parameters
but not the final value of nc .
Besides being heterogeneous, social networks often
exhibit sizable levels of clustering [2], contrary to the
negligible values that characterize the ones utilized in
Fig. 2. To evaluate the impact of this property, we generate
in the Supplemental Material [41] networks with arbitrary
clustering for each network class [41,42]. We show how nc
remains limited between 2 and 4 for each of the three
heterogeneous networks under study, irrespectively of their
clustering coefficient and average degree. Nonetheless, we
observe that increasing levels of clustering act to enlarge
nc , mostly whenever networks are very sparse, thus sizeably increasing their average path length (Supplemental
Material [41]).
Overall, our results suggest that the extent of peer
influence emerges as a natural outcome of dynamical
processes on structured populations, being pervasive in a
wide range of phenomena occurring in social networks.
Despite the importance of social networks in defining the
paths and ends of the dynamical processes they support,
showing how important it is to address and understand
population dynamics from a complex networks perspective
[5,10,32,33,37], the patterns of peer influence they exhibit
are surprisingly independent of their structure. On the other
hand, when networks are very sparse, different network
properties may contribute to enlarge the sphere of influence
of each individual. Our results also show how networks
naturally entangle individuals into interactions of manybody nature: Indeed, social networks effectively extend, in
nontrivial ways, the dyadic interactions we started from.
The fact that the network distance between any two
individuals in social networks is small [2,3] and comparable to nc further enhances the significance of the present
results, as they stress how our individual actions may have
wide scopes and counterintuitive repercussions.
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Overview
This document provides supplementary information on the models and methodologies
employed for the computation and analysis of the Peer Influence patterns discussed in the
Main text. The following list overviews the contents of this document:
•

Section 1 provides an overview of the topological features of the complex networks
adopted in the main text, which are relevant for the analysis of peer-influence
patterns;

•

Section 2 describes how peer influence patterns are defined along with how trait
correlations were computed;

•

Section 3 provides results on the Susceptible-Infected-Recovered epidemics
dynamics,

•

Section 4 provides results on the Voter Model dynamics,

•

Section 5 provides results on the Prisoner’s Dilemma dynamics.

2

Pinheiro, Santos, Santos, Pacheco, Origin of peer influence in social networks (2014)
Supplemental Material

1. Social Structure
Let us consider a population of Z individuals embedded in a complex network of
social interactions, where each node represents an individual and an undirected link a
social interaction between two individuals. All links have the same weight equal to 1.
The total number of interactions an individual i engages defines his degree ki, while the
fraction of individuals with degree k is given by the degree distribution D(k). We shall
refer to a network as homogeneous if all individuals have the same degree and
heterogeneous otherwise. Moreover, we quantify the level of degree heterogeneity of a
network by the variance of the degree distribution (σ2(k)) [1].
Four different network topologies with different degree distributions are investigated
in this work: Homogeneous Small World (HoSW) networks; Heterogeneous Small World
(HeSW) networks; Exponential (EXP) and scale-free (BA) networks. Among these
popular network types, BA and EXP networks are often regarded as good models of real
world networks [2].
HoSW networks were generated by repeatedly swapping the ends of links from an
initially regular network [3]. As a result all node-node correlations are eliminated while
retaining their homogeneous character. HeSW networks were generated by rewiring half
of the links of each node of a regular ring graph to a new random node in the population
[4], forbidding link duplication and requiring overall network connectivity. The resulting
degree distribution follows a Poisson distribution with k above <k>/2 [4], where <k> is
the average connectivity of the network.
EXP networks are characterized by a degree distribution that follows an geometric
distribution (exponential in the limit of very large populations) and were obtained by
means of a growth mechanism with linear (random) attachment [5]. Similarly, BA
3
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networks were constructed by means of a growth mechanism combined with preferential
attachment, which generates power law degree distribution [5, 6] characterized by the
existence of a small group of nodes with a large number interactions, while the majority
of the population engages in few.

Figure SM.1 – Average Path Length as a function of the average degree (left panel) and cluster
coefficient (right panel). Different colors are used for each of the topologies studied (as indicated). Each
network has Z = 103 individuals; each data point corresponds to an average over 100 different networks.

Apart from the degree distribution, two other quantities of interest are used to
characterize network topology: The clustering coefficient (CC) and the average path
length (APL). The first concerns the fraction of neighboring individuals that share a
common neighbor [7] and the second the average network distance (measured in terms of
links traversed) between any two random individuals of the network [7].
By default, each network has a low CC (<0.035); thus in order to inspect the impact
of increasing CC on each topology we employ an algorithm proposed in [8] that
increases the CC without changing the degree distribution, and that works as follows: at
each iteration the ends of two randomly selected links are swapped; if the resulting
network has a higher CC we validate this rewiring; otherwise we return to the initial
network. These steps are repeated until the desired CC is attained.

4
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Figure SM.1 shows how the APL changes with the <k> (left panel) and CC (right
panel) for each of the topologies under study (Z = 103). Naturally, for a fixed CC,
increasing <k> leads to a decrease of the APL; on the other hand, increasing CC for
fixed <k> leads to an increase in the APL.
Figure SM.2, in turn, shows the impact of network size on the average fraction of
nodes at a distance of n links from any random node, a distribution that we denote as

η(n).

Figure SM.2 – Average fraction of nodes at distance n, η(n) from a random node of the population.
Each panel shows the results for a different type of network: Homogeneous Small World networks (upper
left panel); Heterogeneous Small World networks (upper right panel); exponential networks (bottom left
panel) and scale-free networks (bottom right panel). Dashed lines denote the accumulated distribution, that
is the fraction of nodes at a nork distance lower or equal to n. Different colors refer to networks with
different size: Z = 103 (black); 104 (green) and 105 (red).

This network property provides a valuable indicator within this context, as it provides
a measure of the sampling size available for each network distance and network topology
(see Section 2). Interestingly, η(n) peaks at different values of n for different population
5
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sizes (Z), shifting to larger n with larger Z, allowing for better statistics to be obtained for
larger values of n.
In sections 3, 4 and 5 we provide results of extensive numerical simulations in which
we investigate the impact of different dynamical processes on the peer influence patterns
of structured populations with Z = 103, 104 and 105. This is done for different levels of
clustering coefficient CC and average degree <k>.

2. Peer Influence
Let us consider a population of Z individuals in which j share a common trait. We
designate by trait configuration any of the Z + 1 available states of the population
characterized by j, that is 0 ≤ j/Z ≤ 1.
Let us define εn(j/Z) as the probability that for a given j/Z two individuals at the
distance of n links share the same trait. Therefore, if traits are distributed at random along
the nodes of the population we expect εn(j/Z) to be, on average, equal to j/Z. The
existence of positive/negative correlations of traits between individuals at a distance of n
links can be conveniently measured by computing εn(j/Z) - j/Z, where positive (negative)
correlations of traits stand for individuals being assorted preferentially close to (away
from) individuals with a similar trait.
For convenience, we also define δn(j/Z) ∈ [−1,1] as the average correlation of traits
(normalized) between two nodes at the distance of n links, that is

δn ( j / Z) =

ε n ( j / Z) − j / Z
j/Z

(1)

where the division by j/Z provides the convenient normalization that allows an easy
interpretation and comparison with other works in the literature [9].
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The computation of δn(j/Z) requires the analysis of the network patterns of traits (that
we refer to as network configurations) generated by each dynamical process under
analysis. This task is divided in two steps: (1) a set of m network configurations produced
by a dynamical process are extracted and (2) for each network configuration we compute

δn(i;j/Z) (correlation at distance n for network configuration 1 ≤ i ≤ m). The first step
depends on the dynamical process at hand and hence the extraction of the network
configurations is detailed at the beginning of sections 3, 4 and 5. As for the second step,

δn(j/Z) is computed as the average of δn(i;j/Z) over all m samples while the error bars
shown in Figures below correspond to the expected deviations from the average, that is,

σ n ( j / Z) / m .
The quantity of interest in our analysis is the critical network distance above which

δn(j/Z) becomes statistically negative, nc, that is, when δn ( j / Z) − σ n ( j / Z) / m < 0 .

3. SIR Dynamics
SIR models and extensions have been extremely successful in investigating the
propagation of contagious diseases from which individuals are able to acquire immunity.
Chickenpox, measles and seasonal flu are a few real life examples of diseases that fall in
this category. Here we follow closely the model studied by Segbroeck et al [10].
Consider a population composed by individuals that can be, at any time, in one of
three states: S (Susceptible); I (Infected) and R (Recovered), evolving under an
asynchronous dynamics where at each time-step a recovery event occurs with probability

p = (1+ < z >)−1 otherwise, with probability 1-p, an infection event occurs. Additionally,
at each time step an individual A is selected at random from the population; if A is in
state I and a recovery event was selected then I becomes R with probability α; however
if A was in state S and an infection event was selected then A becomes I with probability
7
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β if a randomly chosen neighbor of A is also in state I. For the purpose of computing
correlations between traits, we consider correlations between S and both R and I, in the
sense that the network pattern stems from the same dynamical event: S’s becoming I’s.
Each network configuration was extracted from a simulation that starts with a single
source of infection. The outbreak evolved until the population reached the desired trait
configuration. This procedure was repeated as many times as needed1.
An appropriate β/α was chosen to ensure that most of the population becomes infected
from a single infected individual regardless of the population structure, that is, above the
most demanding epidemic threshold [11]. The peer influence patterns detected are,
however, consistent for a wide range of β/α under this regime, thus providing a
convenient set up in which to analyze the peer influence patterns that emerge for the
entire domain of trait configurations.
Besides the results already shown in Fig. 2 of main text, Figure SM.3 shows how nc
changes with the CC (between 0 and 0.35, the range in which values obtained for real
world networks fall) on heterogeneous populations.

Figure SM.3 – Critical network distance on heterogeneous social networks with different average
degrees and cluster coefficient. Populations have Z = 103 individuals, each colored cell denotes a
different network and circles correspond to their relative average path length (APL), which decreases with
increasing average degree (<k>) and decreasing cluster coefficient (CC).
1

Tipically, 106 times for populations with Z = 103 individuals, 105 times for larger population
sizes.
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Figure SM.3 evidences how nc increases with increasing APL. This feature is explained
by the fact that the network diameter (the maximum distance between any two nodes)
follows the same trend of the APL, thus increasing with increasing CC and decreasing
<k>.

Figure SM.4 – Peer Influence patterns on Homogeneous (upper panel) and Heterogeneous (bottom
panel) Small World populations with different sizes. We assume populations composed by Z = 103
(gray), 104 (yellow) and 105 (black) individuals and average degree <k> = 4 and show how the correlation
values vary with the network distance.

Figures SM.4 and SM.5 show how the impact of population size (103, 104 and 105) on
the peer influence patterns generated from the SIR dynamics, putting in evidence the role
of finite size effects. Values in the figures below (above) the bars identify a positive
(negative) δn(j/Z). The absence of values above/bellow a certain value of n implies that
there are no nodes at a distance of n links for that particular network size. Finally, bars of
different colors represent populations of different sizes (gray correspond to 103, yellow to
104 and black to 105).
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Figure SM.5 – Peer Influence patterns on Exponential (upper panel) and scale free (bottom panel)
populations of different sizes. We assume populations composed by Z = 103 (gray), 104 (yellow) and 105
(black) individuals and average degree <k> = 4 and show how the correlation values vary with the network
distance.

For populations with 103 individuals, δn(j/Z) monotonically decreases with increasing
n on all topologies. Thus there is a well defined critical network distance nc above which

δn(j/Z) become (increasingly) negative. For larger populations, however, this pattern is
only kept on strongly heterogeneous populations (EXP and BA), while on Small World
networks (HoSW and HeSW) δn(j/Z) tends to zero with increasing n, thus becoming
difficult to identify nc.

4. Voter Model
The Voter Model presents a simple yet highly successful framework in which to study
opinion formation [12-15]. Here we assume a structured population of individuals. Each
individual can have one of two possible traits Si = 0 or 1. At each time-step (iteration) a
randomly selected individual from the population imitates the trait of a randomly selected
neighbor with probability p, which, without loss of generality, we consider equal to one.
10
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Each network configuration was extracted from populations that evolve from an
initially random configuration of traits for a period of τt = 1.5x103.

Figure SM.6 – Critical network distance on heterogeneous social networks with different average
degree and cluster coefficient. Populations have Z = 103 individuals. Each colored cell denotes a different
network and circles correspond to their average path length (APL), which decreases with increasing
average degree (<k>) and decreasing cluster coefficient (CC).

A transient of τt = 103 generations was considered. After the transient regime, network
configurations associated with the desired trait configuration (j*/Z) were stored with
probability ~10-3, thus avoiding the same network configuration to be stored in
consecutive time-steps.
Once again we found that the critical network distance, nc, tends to increase with
increasing APL (white disks), see Figure SM.6. This happens for decreasing <k> or
increasing CC. Figures SM.7 and SM.8 show the impact of population size (103, 104 and
105) on the peer influence patterns generated from Voter Model dynamics.
Similar to the results obtained with the SIR dynamics, for populations with 103, δn(j/Z)
decreases monotonically with increasing network distance on all topologies. These
results, however, contrast with the pattern of δn(j/Z) on larger populations that, overall
(BA topologies constitute an exception) tend to zero with increasing network distance on
all topologies.
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Figure SM.7 – Peer Influence patterns on Homogeneous (upper panel) and Heterogeneous (bottom
panel) Small World populations with different sizes. We assume populations composed by Z = 103
(gray), 104 (yellow) and 105 (black) individuals and average degree <k> = 4 and show how the correlation
values vary with the network distance.

Figure SM.8 – Peer Influence patterns on Exponential (upper panel) and scale free (bottom panel)
populations of different sizes. We assume populations composed by Z = 103 (gray), 104 (yellow) and 105
(black) individuals and average degree <k> = 4 and show how the correlation values vary with the network
distance.
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5. Prisoner’s Dilemma
Making use of Evolutionary Game Theory (EGT) [16-18] we now study the patterns
of peer influence generated by a fitness driven evolutionary dynamics. Here we consider
the most popular social dilemma of cooperation: The Prisoner’s Dilemma (PD [18].
Let us consider that each individual adopts unconditionally one of two strategies (to
Cooperate or to Defect). Each interaction entails a payoff to both participating
individuals that depends only on the pair strategy. If both individuals cooperate each
earns the reward (R) for mutual cooperation; if both defect each gets the punishment (P)
for mutual defection; finally a cooperator facing a defector obtains the sucker’s payoff
(S) for being cheated upon, whereas the defector obtains the so called temptation (T)
payoff. Here we shall adopt a standard parameterization of these four payoffs, making R
= 1.0, P = 0.0, T = 1 + λ and S = -λ; under these assumptions, λ > 0 ensures that
individuals engage in a PD.
At each time-step a randomly selected individual A updates his/her strategy by
imitating the strategy of a randomly selected neighbor B with probability [19, 20]

p fermi =

1
1+ exp(−β ( fB − fA ))

(2)

where β is the intensity of selection (which regulates the randomness of the decision
making process) and fi is the fitness of individual i, which here is simply the accumulated
payoff from all his interactions. Consequently, individuals imitate preferentially those
peers that have a higher fitness, which may also be interpreted as a measure of social
success.
Each network configuration was extracted from a time range of 2000 generations after
an initial transient of 5 generations. Each evolution started from a random configuration
13
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of traits. During the observation time window, and whenever the system was at the
desired trait configuration j/Z, the associated network configuration was stored with
probability ~10-3, thus lowering the chances of storing two consecutive network
configurations.
On both HoSW and HeSW networks we analyze the peer influence patterns for λ =
0.01 while on EXP and BA populations we considered a harsher social dilemma with λ =
1.25. These values of λ can be shown to encapsulate the regimes of interest for the
networks topologies under consideration [21-23].
Once again we found that the critical network distance, nc, tends to increase with
increasing APL (white disks) — see Figure SM.9) — increasing as well with decreasing
<k> or increasing CC.

Figure SM.9 – Critical network distance on heterogeneous social networks with different average
degrees and cluster coefficient. Populations have Z = 103 individuals, each colored cell denotes a
different network and circles correspond to their average path length (APL), which decreases with
increasing average degree (<k>) and decreasing cluster coefficient (CC).

We take into account the impact of each type of topology in the evolutionary
dynamics of populations engaging in a PD by dividing our analysis in two different
levels of λ: λ=0.01 (Figure SM.10) and λ=0.25 (Figure SM.11).
Figures SM.10 and SM.11 show the impact of population size (103, 104 and 105) on
the peer influence patterns generated from the EGT dynamics.
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Figure SM.10 – Peer Influence patterns on Homogeneous (upper panel) and Heterogeneous (bottom
panel) Small World populations with different sizes. We assume populations composed by Z = 103
(gray), 104 (yellow) and 105 (black) individuals and average degree <k> = 4 and show how the correlation
values vary with the network distance.

Figure SM.11 – Peer Influence patterns on Exponential (upper panel) and scale free (bottom panel)
populations of different sizes. We assume populations composed by Z = 103 (gray), 104 (yellow) and 105
(black) individuals and average degree <k> = 4 and show how the correlation values vary with the network
distance.
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On HoSW populations we observe a consistent pattern that tends to zero with increasing
network distance n. On heterogeneous populations, such as HeSW, EXP and BA, we
obtain qualitatively the same pattern found in previous dynamics: a monotonic decrease
with increasing network distance.
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