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Abstract: Among complex network models, the hierarchical network model is the one most close to such real networks as world
trade web, metabolic network, WWW, actor network, and so on. It has not only the property of power-law degree distribution, but
also the scaling clustering coefficient property which Barabasi-Albert (BA) model does not have. BA model is a model of network
growth based on growth and preferential attachment, showing the scale-free degree distribution property. In this paper, we study
the evolution of cooperation on a hierarchical network model, adopting the prisoner’s dilemma (PD) game and snowdrift game
(SG) as metaphors of the interplay between connected nodes. BA model provides a unifying framework for the emergence of
cooperation. But interestingly, we found that on hierarchical model, there is no sign of cooperation for PD game, while the fre-
quency of cooperation decreases as the common benefit decreases for SG. By comparing the scaling clustering coefficient prop-
erties of the hierarchical network model with that of BA model, we found that the former amplifies the effect of hubs. Considering
different performances of PD game and SG on complex network, we also found that common benefit leads to cooperation in the

evolution. Thus our study may shed light on the emergence of cooperation in both natural and social environments.
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INTRODUCTION

In biological, social or economic systems, indi-
viduals interplay. One individual takes various
strategies against another to maximize its benefits.
Two simple strategies have been abstracted as coop-
eration and defection. A defector can exploit a coop-
erator’s benefit, so individuals should take the defec-
tion strategy. But many natural species show altruism,
with individuals bearing costs to the benefit of others:
vampire bats share blood (Wilkinson, 1984), monkeys
groom each other (Seyfarth and Cheney, 1984), alarm
calls warn from predators (Clutton-Brock et al., 1999),
and so on. Understanding why the cooperation
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emerges among selfish individuals is an important
task. When studying the phenomena of cooperation,
natural and social scientists often resort to Evolu-
tionary Game Theory as a common framework and
strategic games as a model of interacting deci-
sion-makers (Maynard Smith, 1982; Gintis, 2000).
Two simple games have attracted much attention in
both theoretical and experimental studies: the pris-
oner’s dilemma (PD) and the snowdrift game (SG). In
the games, two players meet repeatedly. At all the
iterations, each player has two options: to cooperate
or to defect. Each one gets different payoffs according
to its own and its opponent’s options. In well-mixed
populations under replicator dynamics (Hofbauer and
Sigmund, 1998), PD makes cooperators unable to
resist the invasion by defectors, while SG leads to an
equilibrium frequency for cooperators given by 1-—r,
with 0<7<1 being the cost to benefit ratio of mutual
cooperation.
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In the past few years, complex networks have
redefined our knowledge about the true nature of real
networks. It studies networks whose structure is ir-
regular, complex and dynamically evolving. Many
literature (Dorogovtsev and Mendes, 2002; Albert
and Barabasi, 2002; Newman, 2003; Pastor-Satorras
and Vespignani, 2004; Boccaletti et al., 2006) have
surveyed complex networks’ structure and dynamics.

The main focus is studying the dynamics on networks.

Naturally, we want to see what kind of new behaviors
the interplay between complex topologies and game
models would eventually produce.

Nowak and May (1992) first introduced network
structure as the framework on which strategic games
take place. On regular lattice, N individuals play PD
game, which they call the spatial PD. Individuals are
constrained to play only with their immediate
neighbors. They found out that among cooperators
they are now able to resist invasion of defectors. In
the last years, PD game has been considered a lot on
complex networks (Abramson and Kuperman, 2001;
Ebel and Bornholdt, 2002a; 2002b; Kim et al., 2002;
Holme et al., 2003; Lieberman et al., 2005). Kim et
al.(2002) have studied numerically the PD game
model on a 2D small-world network, considering the
case in which there is an influential node with a finite
density of directed random links to the other nodes in
the network. They have shown that the degree of
cooperation does not remain at a steady state level;
rather it shows a punctuated equilibrium-type be-
havior manifested by the existence of sudden break-
downs of cooperation. Lieberman et a/.(2005) showed
that the outcome of evolutionary games could entirely
depend on the structure of the underlying graph.
Hauert and Doebeli (2004) pointed out that spatial
structure often inhibited the evolution of cooperation
in the snowdrift game.

Santos and Pacheco (2005) have studied both PD
and SG on scale-free networks. They showed that
cooperation becomes the dominant trait throughout
the entire range of parameters of both games, pro-
viding a unifying framework for the emergence of
cooperation.

Vukov and Szabé (2005) have studied PD game
on hierarchical lattices. Chen et al.(2007) have stud-
ied PD on community networks. Fu et al.(2007) have
studied both PD and SG on an online friendship
network obtained from a social networking site.

In this paper, we discuss the hierarchy property
of real networks and their statistical properties com-
paring to BA scale-free networks. We adopt the hier-
archical network model observed in some real net-
works (Ravasz and Barabasi, 2003). Then we study
the evolution of cooperation on the model, adopting
the PD and SG as metaphors of the interplay between
connected nodes. Simulation results show that al-
though both BA model and hierarchical networks are
scale-free networks, games on them are quite differ-
ent. On hierarchical model, there is no sign of coop-
eration for PD game, while the frequency of coop-
eration decreases with the decrease of the common
benefit for SG. By comparing the scaling clustering
coefficient properties of the hierarchical network
model with that of BA model, we found that hierar-
chical model amplifies the effect of hubs. Considering
different performances of PD game and SG on com-
plex network, we also found that common benefit
leads to cooperation in the evolution.

STRATEGIC GAMES

A strategic game is a model of interacting deci-
sion-makers, consisting of the following ingredients:
(1) at least two decision-makers (also known as play-
ers or agents) are involved in the game; these players
(2) follow the rules of the game, (3) have their own
strategies, and (4) play in a way to maximize their
gain (Von Neumann and Morgenstern, 1947; Osborne,
2002).

A payoff is a number, also called utility, that re-
flects the desirability of an outcome to a player, for
whatever reason. Payoff matrix of two players is a 2x2
matrix, defining the payoff of one player according to
both players’ strategies in a single game. See Table 1,
they both receive R upon mutual cooperation and P
upon mutual defection. A defector exploiting a coop-
erator gets an amount 7 and the exploited cooperator
receives S.

Table 1 Payoff matrix for a single game of two players

C D
C R S
D T P

C means that the player takes the cooperation strategy; D means
that the player takes the defection strategy. The row player gains
R, S, T, P according to its and its opponent’s strategies
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The prisoner’'s dilemma game (Axelrod and
Hamilton, 1981) illustrates that cooperating indi-
viduals are prone to exploitation, and that natural
selection should favor cheaters. PD takes 7>R>P>S,
which means that it is the best to defect regardless of
the co-player’s strategy (Table 2a). In our simulation
of PD, T=b>1, R=1, and P=S=0, where b represents
the advantage of defectors over cooperators, con-
strained to the interval 1<b<2.

To illustrate the snowdrift game (also known as
the hawk-dove or chicken game) (Sugden, 1986),
imagine that two drivers are caught in a blizzard and
trapped on either side of a snowdrift. They can either
get out and start cooperation or remain in the car
(defect). If both players cooperate, they have the
benefit § of getting home while sharing the labor c.
Notice that ¢=1 in our simulation. Thus, R=—1/2. If
only one player cooperates, they both get home but
the defector avoids the labor cost and gets 7=f,
whereas the cooperator gets S=f—1. The cost-to-
benefit ratio of mutual cooperation can be written as
r=1/(2p—1), where 0<r<l1 is the ratio between the total
cost and total benefit when both cooperate, or one
cooperates and the other defects. Table 2b gives the
payoff matrix of SG expressed with . SG takes
T>R>S>P, which means that the best action depends
now on the opponent: to defect if the other cooperates,
but to cooperate if the other defects. As we can see, in
SG even if their strategies are asynchronized, they
still have common benefit. This is the major differ-
ence between PD and SG.

Table 2 Payoff matrix for strategic games with
specified parameters

(a) Payoff matrix for PD with parameter b (1<b<2)

C D
C 1 0
D b 0

(b) Payoff matrix for SG with parameter r (0<r<1)

C D
C 1/(2r) 1/2r)-1/2
D 1/Q2r)y+1/2 0

C means that the player takes the cooperation strategy; D
means that the player takes the defection strategy

HIERARCHY MEASURE AND HIERARCHICAL
NETWORK MODEL

Many networks have the scale-free degree dis-
tribution (Albert et al., 1999; Jeong et al., 2000;
Wagner, 2001). The Barabasi-Albert (BA) model is
inspired by WWW and based on growth and prefer-
ential attachment (Barabasi and Albert, 1999). It has
scale-free degree distribution P(k)~k ”, where y is the
degree exponent.

However, recent studies show that real networks
are hierarchically organized (Ravasz et al., 2002;
Vazquez et al., 2002). These networks are highly
modular: one can easily identify groups of nodes that
are highly interconnected with each other, but have
only a few or no links to nodes outside of the group to
which they belong. Usually, models reproducing the
scale-free property of real networks (Barabasi et al.,
2001; Albert and Barabasi, 2002; Dorogovtsev and
Mendes, 2002) distinguish nodes based only on their
degrees, and are blind to node characteristics that
could lead to a modular topology. The hierarchy
property is usually analyzed by means of the clus-
tering coefficient and the degree-degree correlation.

Clustering, also known as transitivity, is a typical
property of acquaintance networks, where two indi-
viduals with a common friend are likely to know each
other (Wasserman and Faust, 1994). The clustering
coefficient C, introduced by Watts and Strogatz (1998),
is commonly used as a measure of clustering and
defined as follows. A quantity ¢; (the local clustering
coefficient of node i) is first introduced as

e

i

c,=———,
" k(k —-1)/2

where k; is node i’s degree, e;is the number of edges
between k; neighbors. It is defined as the ratio be-
tween ¢; and ki(k;—1)/2, the maximum possible num-
ber of edges between k; neighbors. The clustering
coefficient C of the graph is then given by the average
of ¢; over all the nodes:

Cz%zi:ci .

By definition, 0<c;<1 and 0<C<1.
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The clustering coefficient of a connectivity class £,
i.e., C(k), is defined as the average of ¢; taken over all
nodes with a given degree k.

The hierarchy property can be characterized in a
quantitative manner using the finding that in the de-
terministic scale-free networks, the clustering coeffi-
cient of a node with & links follows the scaling law
(Dorogovtsev et al., 2002):

Clk)~k™".

Most hierarchical networks, including metabolic
network, WWW, actor network, semantic web, follow
this law exactly (Ravasz and Barabasi, 2003), while
the Internet and world trade web (Serrano and Boguna,
2003) obey C(k)~k ", with w=0.75, 0.70, respectively.

Hierarchy is also analyzed by the degree-degree
correlation through the conditional probability P(k|k’),
which measures the probability of a vertex of degree
k' to be linked to a vertex of degree k (Pastor-Satorras
et al., 2001). Because of the difficulty to measure this
quantity, it is more often to use the average nearest
neighbors degree (ANND), defined as

<K, (K)>=Y  k'P(K'|k).

nn

In this paper, we only use C(k) as the measure of
hierarchy.

Ravasz and Barabasi (2003) have constructed a
hierarchical network model, which has the properties
of scale-free degree distribution, scaling clustering
coefficient. In some literature, the model is known as
the scale-free hierarchical network (Vukov and Szabo,
2005). For the ease of our simulation, we follow this
model completely. The model starts with a small
cluster of five densely linked nodes. Next, four rep-
licas of this hypothetical module are generated and
the four external nodes of the replicated clusters are
connected to the central node of the old cluster, ob-
taining a large 25-node module. Again, four replicas
of this 25-node module are generated and the 16 pe-
ripheral nodes are connected to the central node of the
old module, obtaining a new module of 125 nodes.
These replication and connection steps are repeated
indefinitely, increasing the numbers of nodes in the
network by a factor 5 each step. This process is illus-
trated by Fig.l. The nodes at the center of the
five-node modules have a clustering coefficient C=1.

Those at the center of a 25-node module have k=20
and C=3/19, while those at the center of the 125-node
modules have k=84 and C=3/83, indicating C(k)~k '
(Fig.2b). From the construction process, we can see
that hierarchical network model is highly modular-
ized and several submodules combine into larger
modules recursively. So it has hierarchy property and
shows power-law clustering distribution. Different
from BA model, the hubs of parallel modules are not
directly connected. In BA model, vertices with high-
est connectivity (so-called hubs) become directly
interconnected thanks to its growth and preferential
attachment.

(b)

Fig.1 The construction process of hierarchical network
model, with the level of the network from n=0 to n=2. (a)
n=0, N=5; (b) n=1, N=25; (¢) n=2, N=125

Fig.2 illustrates some properties of the hierar-
chical model and BA model (Ravasz and Barabasi,
2003). We can see that they both have scale-free de-
gree distribution. C(k) of the hierarchical model fol-
lows scale-free distribution, but that of BA model
converges into one area. Meanwhile, the clustering
coefficient C(N) of the hierarchical model keeps con-
stant with the system’s size increasing. But C(V) of
the BA model decreases when the system size in-
creases.

EVOLUTIONARY DYNAMICS
CHICAL NETWORK MODEL

ON HIERAR-

Firstly, we specify our evolutionary dynamics.
Whenever a site x is updated, a neighbor y is drawn at
random among all N neighbors. The chosen neighbor
takes over site with probability w,=f(P,—P,), where
the function translates payoff differences into



Li et al. / J Zhejiang Univ Sci A 2008 9(2):271-278

275

L~ T T 1‘—‘- e | p—p————
hY
I \’ i —-4--Hierarchical . .
* Hierarchical
IE2F N 4 k& model 1Bk~ 77 model |
L .\\ i \Q BA model G\ —°— BA model
hS
< * < N B
< B4t S 1 SIE2¢ » { 22} Q\ -
A
i .\ ] R B\G
1E-6 2, . 1E-3'F \ 1 1E-3 ~ .
* R Y Q
L N o \ N
1E-8‘ L 1 1 L 1E-4‘ 1 L 1 I\ lE-4 L ' ' o
1 1E1 1E2  1E3 1E4 1 1E1 1E2 1E3 1E4 1ES 1E2 1E3 1E4 1E5
k k N
(a) (b) (c)

Fig.2 Some properties of the hierarchical model with N=5" nodes. (a) The numerically determined degree distribu-
tion; (b) The C(k) curve of hierarchical model, demonstrating that it follows the scaling law. The open circles show
C(k) for BA model of the same size; (¢c) The dependence of the clustering coefficient C on the network size N

reproductive success. Updating strategy can be either
synchronous or asynchronous (Hauert and Doebeli,
2004). For synchronous updates, all individuals in-
teract in their respective neighborhood firstly and
then all sites are updated simultaneously through
competition with a randomly chosen neighbor. For
asynchronous updates, only a single, randomly se-
lected focal site is updated at each simulation step:
firstly the payoffs of the focal individual and a ran-
dom neighbor are determined, afterwards these two
individuals compete to re-populate the focal site. Our
simulations use the synchronous updating strategy.

Initially, an equal percentage of strategies (co-
operators or defectors) were randomly distributed
among all individuals of the system. The evolution of
the system goes on as follows: in each generation, all
pairs of directly connected individuals x and y engage
in a single round of a given game, their accumulated
payoffs are stored as P, and P,, respectively. When-
ever a site x is updated, a neighbor y is drawn at
random among all &, neighbors. Whenever P,>P,, the
chosen neighbor takes over site x with probability
given by (P,—P,)/(Dk>), where k> is the largest value
between k, and k,, D=T—S for the PD and D=T—P for
the SG. Equilibrium frequencies of cooperators and
defectors were obtained by averaging over 1000
generations after a transient time of 10000 genera-
tions.

Fig.3 gives the simulation results. The networks
with 125 nodes and 15625 nodes show the same be-
havior. In PD, the frequency of cooperators is always
near zero for the whole range of 5. In SG, the fre-
quency of cooperators decreases from 90% to 10%
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Fig.3 Strategic games on hierarchical network model.
Each data point results from averaging over 100 runs.
(a) Prisoner’s dilemma game; (b) Snowdrift game

as r increases. This means that on hierarchical net-
work model, PD game inhibits cooperation while SG
game promotes cooperation with small » and inhibits
cooperation with large r.
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DISCUSSION

Santos and Pacheco (2005) pointed out that
scale- free networks provide a unifying framework
for the emergence of cooperation. For both PD and SG,
the frequencies of cooperators on the BA scale-free
model are high (above 80% in all the parameters’
ranges). On configuration model, the frequencies of
cooperators of both PD and SG decrease as parame-
ters increase. And on networks getting from uniform
attachment, the dynamics show the same behavior
with configuration model. From our work, we can see
that although the hierarchical network model shows
the same scale-free property like typical BA scale-
free model, strategic games on them are quite dif-
ferent. Thus we will make a discussion.

In the evolution, when one’s strategy has been
changed from cooperation to defection, its total pay-
offs change differently according to strategic game.
We use P, as one’s payoffs before its strategy changes,
P, as one’s payoffs after its strategy changes. Then
(P;—P.)/P. measures the payoff changing from one’s
cooperation to defection strategy. Let’s denote o as the
ratio of defectors of its total neighbors. We have

P, -P._ [(b-D(1-a), forPD,
P |r—(+ra, forSG.

We can see from Fig.4a, (P,—P.)/P>0 for PD except
the boundary. While for SG, there is a watershed on
r-o, plane, (P,~P.)/P. is below 0 for more than half of

(PiP)/P.

the plane (Fig.4b). Consider the initial of evolution,
0~0.5. For PD, (P,~P.)/P.>0, which means that when
one’s strategy changes from cooperation to defection,
its payoff suddenly increases. For SG, (P,—P.)/P.<0,
which means that when one’s strategy changes from
cooperation to defection, its payoffs will decrease
rather than increase. Notice that, when r increases for
SG, the range of o for (P,—P.)/P>>0 increases. This
means that it behaves close to PD game.

Although the hierarchical network model has the
properties of scale-free degree distribution, strategic
games on them are quite different from typical scale-
free network, such as BA model. In BA model, ver-
tices with the highest connectivity (so-called hubs)
become directly interconnected as a result of growth
and preferential attachment. Cooperators will tend to
occupy the hubs and, since hubs are directly con-
nected, even if a defector occasionally takes over one
hub, the probability that it gets reoccupied by a co-
operator becomes essentially one. So BA model en-
sures the prevalence of cooperation in both games.

Hierarchical network model is quite different
from BA model due to its power-law clustering dis-
tribution. Let us recall the construction process of the
hierarchical network model. It is highly modularized,
and several submodules combine into the larger
modules recursively, making it hierarchical organized,
showing the power-law clustering distribution statis-
tically. The hubs of parallel modules are not directly
interconnected, making it dominant in the module.

In PD, we can see that when one’s strategy
changes from cooperation to defection, its payoff

(P—P)IP.

000.2'0:

(b)

Fig.4 (P,P.)/P. for strategic games. « is the ratio of defectors of its total neighbors. (a) For PD, (P,~P.)/P.>0 except the
boundary; (b) For SG, there is a watershed on r-a plane, (P,~P_.)/P.<0 for more than half of the plane



Li et al. / J Zhejiang Univ Sci A 2008 9(2):271-278 277

suddenly increases in whatever situation. So in the
evolution, if a defector occasionally takes over a co-
operator, the payoffs of the occupied one greatly in-
creases. So the probability that it takes over its
neighbors (P,—P)/(Dk>) increases and the probability
that it is taken over by its neighbors decreases sharply.
Because the parallel nodes are not directly connected,
when the hub of the local neighborhood is occupied
by a defector, it has little chance to be recovered.
Eventually the whole network will be occupied by the
defection strategy. In SG, consider the initial of the
evolution where 0~0.5, (P,—P.)/P.<0. When one’s
strategy changes from cooperation to defection, the
payoffs will decrease, rather than increase. If a de-
fector takes over the hub, the probability that it takes
over its neighbor decreases and the probability that it
is taken over by its neighbors increases. So it also
could be taken over by a cooperator in the future
evolution. With the evolution going on, the number of
cooperators increases. When the parameter r in-
creases, SG game behaves close to PD game, and the
changes of strategy from cooperation to defection will
suddenly increase one’s payoffs. It will lead to the low
frequency of cooperators.

CONCLUSION

In conclusion, we study the evolution of coop-
eration on a hierarchical network model, adopting the
prisoner’s dilemma (PD) game and snowdrift game
(SG) as metaphors of the interplay between connected
nodes. We found that on hierarchical model, there is
no sign of cooperation for PD game, while the fre-
quency of cooperation decreases as the common
benefit decreases for SG. This is quite different from
BA model which provides a unifying framework for
the emergence of cooperation. Comparing the scaling
clustering coefficient properties of the hierarchical
network model with those of BA model, we found that
hierarchical model amplifies the effect of hubs. Con-
sidering different performances of PD game and SG
in a complex network, we also found that common
benefit leads to cooperation in the evolution. The
hierarchical network model is more approximate to
some real networks observed in nature and the human
society. So our work may shed light on the emergence
of cooperation in both natural and social environ-
ments.

ACKNOWLEDGEMENTS

The authors would like to thank Yong Min and
Xianchuang Su for useful discussions.

References

Abramson, G., Kuperman, M., 2001. Social games in a social
network. Phys. Rev. E, 63:030901-030904. [doi:10.1103/
PhysRevE.63.030901]

Albert, R., Barabasi, A.L., 2002. Statistical mechanics of
complex networks. Rev. Mod. Phys., 74:47-97. [doi:10.
1103/RevModPhys.74.47]

Albert, R., Jeong, H., Barabasi, A.L., 1999. Internet: Diameter
of the World-Wide Web. Nature, 401:130-131.  [doi:10.
1038/43601]

Axelrod, R., Hamilton, W.D., 1981. The evolution of coop-
eration. Science, 211:1390-1396.  [doi:10.1126/science.
7466396]

Barabasi, A.L., Albert, R., 1999. Emergence of scaling in
random networks. Science, 286:509-512.  [doi:10.1126/
science.286.5439.509]

Barabasi, A.L., Ravasz, E., Vicsek, T., 2001. Deterministic
scale-free networks. Physica A., 299:559-564. [doi:10.
1016/S0378-4371(01)00369-7]

Boccaletti, S., Latora, V., Moreno, Y., Chavez, M., Hwang,
D.U., 2006. Complex networks: structure and dynamics.
Physics Reports, 424:175-308.  [doi:10.1016/j.physrep.
2005.10.009]

Chen, X., Fu, F., Wang, L., 2007. Prisoner’s dilemma on
community networks. Physica 4., 378:512-518. [doi:10.
1016/j.physa.2006.12.024]

Clutton-Brock, T.H., O'Riain, M.J., Brotherton, P.N.M.,
Gaynor, D., Kansky, R., Griffin, A.S., Manser, M., 1999.
Selfish sentinels in cooperative mammals. Science,
284:1640-1644. [doi:10.1126/science.284.5420.1640]

Dorogovtsev, S.N., Mendes, J.F.F., 2002. Evolution of
networks. Adv. Phys., 51:1079-1187. [doi:10.1080/000
18730110112519]

Dorogovtsev, S.N., Goltsev, A.V., Mendes, J.F.F., 2002.
Pseudofractal scale-free web. Phys. Rev. E, 65:066122-
066125. [doi:10.1103/PhysRevE.65.066122]

Ebel, H., Bornholdt, S., 2002a. Coevolutionary games on
networks. Phys. Rev. E, 66:056118-056125. [doi:10.1103/
PhysReVvE.66.056118]

Ebel, H., Bornholdt, S., 2002b. Evolutionary Games and the
Emergence of Complex Networks. E-print arXiv:cond-
mat/0211666v1.

Fu, F., Chen, X., Liu, L., Wang, L., 2007. Social Dilemmas in
an Online Social Network: The Structure and Evolution
of Cooperation. E-print arXiv:physics/0701323v1.

Gintis, H., 2000. Game Theory Evolving. Princeton University,
Princeton, USA.

Hauert, C., Doebeli, M., 2004. Spatial structure often inhibits
the evolution of cooperation in the snowdrift game. Na-
ture, 428:643-646. [doi:10.1038/nature02360]

Hofbauer, J., Sigmund, K., 1998. Evolutionary Games and
Population Dynamics. Cambridge University Press,
Cambridge, UK.



278 Li et al. / J Zhejiang Univ Sci A 2008 9(2):271-278

Holme, P., Trusina, A., Kim, B.J., Minnhagen, P., 2003. Pris-
oners’ dilemma in real-world acquaintance networks:
spikes and quasiequilibria induced by the interplay be-
tween structure and dynamics. Phys. Rev. E, 68:030901-
030904. [doi:10.1103/PhysRevE.68.030901]

Jeong, H., Tombor, B., Albert, R., Oltvai, Z.N., Barabasi, A.L.,

2000. The large-scale organization of metabolic networks.

Nature, 407:651-654. [doi:10.1038/35036627]

Kim, B.J., Trusina, A., Holme, P., Minnhagen, P., Chung, J.S.,
Choi, M.Y., 2002. Dynamic instabilities induced by
asymmetric influence: prisoners’ dilemma game in
small-world networks. Phys. Rev. E, 66:021907-021910.
[doi:10.1103/PhysRevE.66.021907]

Lieberman, E., Hauert, C., Nowak, M.A., 2005. Evolutionary
dynamics on graphs. Nature, 433:312-316. [doi:10.1038/
nature03204]

Maynard Smith, J., 1982. Evolution and the Theory of Games.
Cambridge University Press, Cambridge, UK.

Newman, M.E.J., 2003. The structure and function of complex
networks. SIAM Review, 45:167-256. [doi:10.1137/S0036
14450342480]

Nowak, M.A., May, R.M., 1992. Evolutionary games and
spatial chaos. Nature, 359:826-829.  [doi:10.1038/3598
26a0]

Osborne, M.J., 2002. An Introduction to Game Theory. Oxford
University Press, Oxford, UK.

Pastor-Satorras, R., Vespignani, A., 2004. Evolution and
Structure of the Internet: A Statistical Physics Approach.
Cambridge University Press, Cambridge, UK.

Pastor-Satorras, R., Vazquez, A., Vespignani, A., 2001. Dy-
namical and correlation properties of the Internet. Phys.
Rev. Lett., 87:258701-258704.
87.258701]

Ravasz, E., Barabasi, A., 2003. Hierarchical organization in
complex networks. Phys. Rev. E, 67:026112-026118.
[doi:10.1103/PhysRevE.67.026112]

[doi:10.1103/PhysRevLett.

Ravasz, E., Somera, A.L., Mongru, D.A., Oltvai, Z.N.,
Barabasi, A., 2002. Hierarchical organization of modu-
larity in metabolic networks. Science, 297:1551-1555.
[doi:10.1126/science.1073374]

Santos, F.C., Pacheco, J.M., 2005. Scale-free networks provide
a unifying framework for the emergence of cooperation.
Phys. Rev. Lett., 95:098104-098107. [doi:10.1103/
PhysRevLett.95.098104]

Serrano, M.A., Boguna, M., 2003. Topology of the world trade
web. Phys. Rev. E, 68:015101-015104. [doi:10.1103/
PhysRevE.68.015101]

Seyfarth, R.M., Cheney, D.L., 1984. Grooming, alliances and
reciprocal altruism in vervet monkeys. Nature, 308:541-
543. [doi:10.1038/308541a0]

Sugden, R., 1986. The Economics of Rights, Co-operation and
Welfare. Blackwell Press, Oxford, UK.

Vazquez, A., Pastor-Satorras, R., Vespignani, A., 2002.
Large-scale topological and dynamical properties of the
Internet. Phys. Rev. E, 65:066130-066141. [doi:10.1103/
PhysReVvE.65.066130]

Von Neumann, J., Morgenstern, O., 1947. Theory of Games
and Economic Behavior (2nd Ed.). Princeton University
Press, Princeton, USA.

Vukov, J., Szabo, G.,, 2005. Evolutionary prisoner’s dilemma
game on hierarchical lattices. Phys. Rev. E, 71:036133-
036139. [doi:10.1103/PhysRevE.71.036133]

Wagner, A., 2001. The yeast protein interaction network
evolves rapidly and contains few redundant duplicate
genes. Mol. Biol. Evol., 18:1283-1292.

Wasserman, S., Faust, K., 1994. Social Networks Analysis.
Cambridge University Press, Cambridge, UK.

Watts, D.J., Strogatz, S.H., 1998. Collective dynamics of
‘small-world’ networks. Nature, 393:440-442. [doi:10.
1038/30918]

Wilkinson, G.S., 1984. Reciprocal food sharing in the vampire
bat. Nature, 308:181-184. [doi:10.1038/308181a0]




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


