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I.

Introduction: Networks and agent-based modeling

Over the last decade networks became one of the central issues of the scientific research.
Articles by Watts and Strogatz (1998) and Barabási and Albert (1999) have commenced the
wave of interest in large scale network structures and investigation of the impact of these
underlying structures on the dynamics of the biological, technological or social systems.
Although social sciences have long tradition in networks analysis (Milgram (1967),
Wasserman, Faust (1994), Wellman (1999)) economics have for a long time adhered to its
traditional issues and paid little attention to networks of interactions that apparently
characterize real world economies. Some justifiable simplifications have been made by
neoclassical economists who generally assume completely independent, isolated and
anonymous economic agents that interact only through market and the price system. In many
cases homo oeconomicus is a reasonable and justifiable simplification of the real world that
does not hamper results of the model. However, as Wilhite (2006) points out “... Individuals
are influenced by more than prices; often they are influenced by others.” If interaction
between economic agents is necessary to build functioning model of the markets economists
generally turn to game theory that provides framework for analysis of mutual influence
between interacting agents. However, game theoretical models usually assume that
interactions between economic agents are anonymous. Again, as this can be reasonable
simplification of reality in many cases, sometimes this approach fail to capture characteristics
of the real system that are not only important but essential.
One of the motivations of this thesis was to overcome these limitations and show how
economic models can be enriched when non-anonymous interactions among economic agents
are explicitly present in the analysis and how the inclusion of them changes outcomes and
conclusions of the examination of certain economic phenomena.
In all three papers that constitute this thesis the economic systems, whether single markets or
national economies, are approached as a nonlinear adaptive networks or (more popular) as a
complex adaptive systems1. Complexity economics is characterized by following set of

1

This approach was initiated and pioneered by the researches at Santa Fe Institute in New Mexico, USA.
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attributes2: (1) dispersed local interactions between agents; (2) non-existent global controller;
(3) cross-cutting hierarchical organization; (4) continual adaptation; (5) perpetual novelty and
(6) out-of-equilibrium dynamics. Presented thesis accentuates presence of local and structured
interactions among economic agents when modeling various markets and processes.
Incorporation of dispersed local interactions into models of economic behavior is closely
related to other complexity economics attributes. Models with local interactions very often
produce out-of-equilibrium outcomes and give rise to the complex dynamical behavior;
locality assumption is frequently and naturally accompanied by the limited or local
knowledge of the system the agents posses. Dispersed local information produces
heterogeneous expectations which make formation of expectations about expectations of
others extremely difficult. As a consequence whole problem agents face becomes complex
and ill-defined (Arthur (1994)) leading individuals to refrain from attempts to deduce optimal
solutions and using heuristics and inductive reasoning instead. Learning from experience and
gradual adaptation of behavior or strategy then becomes dominating way of adjustment to
existing market conditions. Again, local interactions mean adaptive rather than optimizing
behavior.
Interactions among economic agents can be observed and analyzed on many different levels
and described using many different tools. Finding an appropriate framework for investigation
of economic interactions is thus absolutely essential. It appears that many systems can be
described as networks i.e. the collection of nodes and links where nodes represent the
constituent units of the system and links the relations or interactions among them. When
economic systems and markets are represented as a network, nodes can stand for different
types of economic agents being consumers, workers, employees, employers, but also
groupings such as firms, families or government agencies or national economies. Links
between them represent various ways they interact i.e. supply chains, credit networks,
communication channels etc. Using networks as a framework for analysis of economic
interactions is connected with one important advantage. Networks have been given a lot of
attention in the graph theory and therefore mathematical framework that allows describing
and measuring different characteristics of the networks already exists and modern economics
can easily absorb existing knowledge using it for investigation of economic issues and
problems.

2

Arthur, Durlauf, Lane (1997)
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Traditional economics and its modeling apparatus offer level of understanding of economic
issues that is exceptional among social sciences. However, there are question that are by their
very nature hard to model and understand using traditional tools and approaches. Examples of
such interesting phenomena are for example peer effects among agents, differences in trust
and cooperative behavior, formation and proliferation of research alliances among firms,
group formation, propagation of disease, differences in crime activities between particular
groups of agents etc. Recently, most renowned contributions to the network economics were
works concerning labor market networks and consequences of structured interactions between
economic agents on labor market efficiency (Jackson, Calvo-Armegnol (2002)), emergence
of cooperation on markets (Wilhite (2006)) and questions connected with trust and credibility,
diffusion of innovations (Cowan, Cowan (1998), Roedenbeck et al. (2008)) or topics closely
related to current financial crisis: impact of credit networks on functioning of financial
markets (Battison et al. (2007), Delli Gati et al. (2008)). In all these cases and many others the
models with explicitly modeled local interactions can bring us closer to the understanding of
the variety of behaviors we can observe in reality.
Three papers presented in this thesis are linked in two basic dimensions. First, all of them
incorporate explicitly modeled networks and structured interactions among economic agents
and second, we use unified methodological approach to investigate problems formulated
within the network framework: agent-based computational models and simulations. For
answering questions connected with networks traditional tools used by economists have
shortcomings that are hardly solvable. Topological features of certain types of networks are
too irregular to be described analytically and at the same time too structured to be well
approximated as random (statistically regular) networks (Wilhite (2006)). Furthermore,
certain phenomena on the networks are observable only for a very large number of nodes
and/or over a long period of time. All these characteristics hinder use of traditional tools for
analysis. As Wilhite (2006) writes “Agent-based computational modeling is ideally suited for
studying networks and economic activity on networks.” Let us briefly introduce this new
promising and still developing methodology that in recent years gained great attention from
scientists and researchers from many different fields.
Its history begins with Von Neumann’s (1966) cellular automaton. The first attempt to apply
this methodology in social sciences is attributed to Thomas Schelling and his works about
racial segregation (Schelling (1971)). In his simple model he captured one of the most
appealing characteristics of agent-based simulations: simple behavioral rules and local
6

interactions can give rise to emergent patterns on macro level. Initial limitations imposed by
insufficient computing capacity were overcome during 1990s and in these days the
community using agent-based simulations consists of thousands of scientists, mathematicians,
computer scientists, physicist, economists, biologists, environmentalists, linguists etc. meeting
on various occasions sharing their views on functioning of various systems and their
dynamics3. Agent-based modeling has become method accepted not only by research
community but it is more and more frequently used by private market actors and
governments. Bonabeau (2002) provides examples of notable projects that took the advantage
of agent-based modeling financed and used by private companies focusing on agent-based
simulation of traffic flows, evacuation, customer flow management, stock markets, use of
shopbots, strategic simulation, operational risk and organizational design or diffusion of
innovation and adoption dynamics.
Social sciences have compared to other scientific disciplines difficult situation because
possibility of controlled experiments is very limited. In fact, it is impossible to test
experimentally hypothesis linking certain micro behavior (individuals behaving in
heterogeneous ways) with its manifestation on macro level (global regularities of the society
or national economies) (see Epstein, Axtel (1996)). Therefore, computer simulations are an
appealing option allowing experimentation in social sciences employing large populations of
agents. The beginning of computer simulation experiments in social sciences is connected
with the first use of computers at universities in early 1960s. These early simulations
consisted of discrete event simulations (e.g. modeling of queues and waiting times),
simulations based on system dynamics (that use system of difference equations to plot
trajectories of variables over time) or micro simulation (each unit from a large random sample
(consisting of firms, households, individuals...) undergoes certain change with certain
probability in each period)4. In 1990s with agent-based models computer simulation in social
sciences flourished being closely related with the field of multi-agent systems (Wooldridge
(2002)), artificial intelligence (Russell and Norvig (2002)) and artificial life (Langton (1995)).

3

Leading research institutions gathering people with the interest in agent-based modeling and computer
simulation are e.g. Santa Fe Institute in New Mexico, NECSI Institute in Boston, Center for the Study of
Complex Systems at the University of Michigan or The Center on Social and Economic Dynamics at The
Brookings Institution. For foundations of computational economics see Tesfatsion, Judd (2006) and Amman,
Kendrick, Rust (1996), for current research in the field of computer social simulation see Journal of Artificial
Societies and Social Simulation.
4
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Leigh Tesfatsion5 calls agent-based modeling a “culture-dish” approach to economics that
allows researchers to study economies “modeled as evolving systems of autonomous
interacting agents. Starting from initial conditions, specified by the modeler, the
computational economy evolves over time as its constituent agents repeatedly interact with
each other and learn from these interactions” (Tesfatsion (2003)).
Agent-based models are represented in the form of a computer program and “solved” through
running the computer simulation and analyzing its output. The agent-based model is generally
characterized by the use of discrete time steps in which the system evolves, environment in
which agents operate (time independent exogenous parameters such as institutional or
technological setup) and interaction structure (specifying whether particular agent is directly
linked to another agent). Most fundamental components of the system are agents. Compared
to other simulation methods each of the agents operating in the system is represented
individually. Neither the aggregation nor statistical distributions are used in the representation
of the population of agents (or units) in the system. Each agent is characterized by two sets of
variables; first set is specified by the modeler and contains information about behavioral and
technological characteristics of the agent (e.g. worker’s reservation wage, preferences,
knowledge, neighborhood, etc.); second set contains variables that are exogenously set only in
the initial period of the simulation but then during whole simulation they are endogenously
modified by the agent itself (e.g. strategy, consumption levels, etc.). Agents not only act
distributively but also autonomously decide how and/or whether to act. The agents have the
ability to change their internal structure in reaction to environmental changes (structural
reactivity), to communicate with other agents (social ability) and to follow specific goal (proactivity) (Wooldridge, Jennings (1995)). During the simulation events are driven solely by
agent interactions once initial conditions have been specified (Tesfatsion, Judd (2006)).
Agent-based models are very well suited for modeling complex systems and networks as one
of the typical features of complex systems. Main advantages of agent-based models are
connected with the building of the model using computer language for specification of the
model. Compared to models using pure verbal descriptions (that are highly flexible but often
lack logical consistency) or mathematical models (with consistent logical structure and
general solution techniques but constrained by analytical solvability) agent-based models,
specified in a computer language, retain much of the flexibility of pure verbal models together

5

One of the pioneers of the agent-based computational economics.
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with precision and consistency typical for mathematical models (Holland, Miller (1991)). This
great potential of the use of computer language for building socio-economic models is
partially hindered by the fact that researchers in economic and social sciences often lack
computer programming skills. Fortunately, recently developed tools like SWARM, REPAST,
NETLOGO etc. facilitate creation and use of agent-based models for non-programmers.
Furthermore, agent-based models can serve as an excellent laboratory for experiments with
large populations and highly complex systems. Computational framework permits the
exploration of the behaviors and dynamics of complex systems through systematic and
replicable simulation experiments (Dibble (2006)). On the other hand parameter space can be
extremely large and full exploration of such space can be unfeasible. Finally, the outcome of
agent-based model is actually a data set consisting of time series capturing the whole history
of what happened in the model during its execution. This allows researchers to focus on and
study both the dynamic of the system and the equilibriums, whether they appear or not.
Therefore, not only the questions about existence of equilibriums but also the questions about
how or whether the system is able to approach or choose between them could be addressed.
Agent-based models are built in a bottom-up fashion and aggregate behavior of the system
emerges from the microscopic behavior of its constituents. Emergent phenomena mean that
the system as a whole is not equivalent to the sum of its parts. Interactions among parts are at
the heart of emergent phenomena. Interestingly, emergent macroscopic features are often
counterintuitive, unexpected and hard to predict (for examples see e.g. Bonabeau (2002)). The
emergent property of the agent-based models is connected with an interesting question
whether certain phenomena is explained by creation of the model that replicates its properties.
Joshua Epstein often answers such question by the counterattack: "If you didn't grow it, you
didn't explain it."
Because agent-based models need not be solved analytically they are very flexible in the
specification of the model structure. Flexibility of the model is manifested along many
dimensions. Number of entities in the system can be easily changed; it can even evolve during
the simulation. Agent-based models can easily retain the heterogeneity of the agents both with
regards to their characteristics and behavioral methods. There is no need to resort to the
representative agent or perfect rationality assumption. Agents can be different and act in
different ways. The information available to them can be limited and their ability to process
available information can be bounded as well. At the same time these limitations can vary
between particular agents and in time. Agents can boost their capacity to process the
9

information, they can learn or they can share their information or processing capacity with
other agents. Both the physical and social space in which agents interact can be easily
incorporated into the model and mimic the important characteristics of real world interaction
structures. Flexibility of agent-based models is also manifested as availability of different
perspectives of analysis. Modeler can easily manipulate with micro entities of the system as
well as with certain subgroups or subpopulations or with aggregate agents or variables.
Agent-based models are appealing for many researchers but also for general public because
they represent reality in a very natural way. People are used to observe and analyze world
around them in terms of objects (people, animals, things) undertaking certain actions,
behaving, moving or proceeding in certain ways. Therefore, specification of the model
containing entities with certain characteristics and specification of behavioral rules is much
easier to grasp than models based on specification of processes or equations that govern
dynamics of the system.
As always there are also problems the methodology has to face. Some of these problems are
shared with other approaches (e.g. validation of the models), some are specific for the current
state of the development of the method (e.g. non-existence of unified approach to developing
agent-based model, possibility of replication of the results and possibly others) (for discussion
see Leombruni (2006)).
In connection with economic networks there are basically two types of questions we can ask:
1. How economic networks influence behavior of both the individual agents and
economic system as whole?
2. What type of network is likely to emerge in the economy?
In my thesis I focus mainly on the first question i.e. what are the economic consequences of
the existence of economic networks with different topologies on the functioning of the
economic system as a whole. The thesis consists of three essays.
First paper “Testing Different Imitation Strategies in an Evolutionary Prisoner's Dilemma
Game on Networks” deals with one of most fundamental questions for the functioning of
markets and economic systems: emergence and persistence of cooperation among economic
agents. The importance of competition for the efficient functioning of markets has been
acknowledged since Adam Smith and his famous description of the competition in the Wealth
of Nations “...it is not from the benevolence of the butcher, the brewer, or the baker, that we
10

expect our dinner, but from their regard to their own interest.”6 Since 18th century economics
have made substantial progress and today economic community widely accepts the fact that
successful functioning of competition is possible only if rules of the game are respected and
mutually agreed among economic agents (for the discussion on the relation between
competition and cooperation see Bar-Yam (2004)). Therefore the insight into the process of
emergence and persistence of cooperation among economic agents is fundamental question to
be investigated and discussed. In the first paper we use popular formalization of the
cooperation phenomena using Prisoner’s dilemma framework. We extend existing literature
on the cooperative behavior when interactions among economic agents are structured (and
modeled as networks). Compared to existing studies we simultaneously investigate the impact
of the network topology and the mechanism through which particular (cooperative or
defective) behavior spreads (in our case imitation strategy). Our main contribution is explicit
discussion of the imitation rules based on empirically observed heuristics used by participants
of behavioral experiments of Narduzzo, Warglien (1996). Our agent-based computational
experiments show that both topological features of particular interaction structure and
evolutionary mechanism used in the model strongly influence the dynamics of the game and
fraction of cooperating agents in the system.
In the second paper “Social Networks and Migration Decisions” model of migration between
national economies is introduced. International migration and mobility of people has
important impacts on the functioning of markets in the receiving as well as sending countries.
Hence, our understanding of basic motivations and principles of migration flows is highly
desirable. We take the advantage of agent-based computer simulation that allows modeling of
individuals as autonomous decision-making units and implement multi-factor decisionmaking function. Based on widely accepted Maslow’s theory of motivation decision-making
function in our model includes not only wage maximization (traditionally assumed by
economic models of migration) but also people’s desire to fulfill their safety and social needs.
Individuals in the model are heterogeneous in the sense of different social relations they are
involved in and their decision-making about migration is based on endogenously evolving
network of friends. We show that inclusion of non-economic factors into decision-making of
possible migrants reduces migration flows between economies for regions with developed
social protection and social safety nets. Our simple model provides interesting insight into the

6

Smith, A (1776) An Inquiry into the Nature and Causes of the Wealth of Nations.
http://www.econlib.org/library/Smith/smWNCover.html
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problem of mobility within European Union and clearly shows that attempts to increase
mobility of the European population can be useless when focused on factors irrelevant or nonessential for people’s decision-making.
Last paper presented in this thesis “Diffusion of innovations on complex networks” applies
agent-based methodology on the issue fundamental for economic prosperity and growth:
diffusion of innovations. Diffusion of innovations is one of the topics where agent-based
simulation is extremely fruitful method allowing researcher not only to observe stable states
but also the process and development of the diffusion. Furthermore, empirical studies
revealed that topological structure of interactions among individuals importantly influences
diffusion course and outcomes. The third part of the thesis tests diffusion outcomes for five
different topologies. We assume markets where individuals are highly influenced by adoption
decision of their peers and innovations are introduced to the markets in two different ways:
mass media campaign and seeding procedure. Our results indicate that the topology of the
relations among individuals importantly influences speed and development of the diffusion
process as well as final market penetration. Scale free topology seems to promote fast
innovation diffusion being at the same time characterized by high uncertainty of the diffusion
outcomes. Less heterogeneous networks (small worlds, two dimensional lattice and ring) yield
much slower diffusion of the innovation being at the same time much less unpredictable than
scale free topology.
The first paper was presented at the International conference on Economic Science with
Heterogeneous Interacting Agents ESHIA/WEHIA 2008 in Warsaw, Poland and IES Young
Scholars Conference in 2008. It was published in IES Working Papers series and will be
submitted to the Journal of Artificial Societies and Social Simulation after revisions based on
referees comments on the paper. The second paper has been published at IES Working Papers
series and in the journal Prague Economic Papers in 2007. It has been also discussed on many
occasions e.g. at IES Young Scholars Conference in 2005 or at the international conference
BICABR in 2006 in Brno. Third paper is currently being prepared for publication at IES
Working Papers series and for presentation at the conferences. After revisions based on
feedback from referees and conference participants it will be refined and submitted to
Marketing Science.
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II.

Testing different imitation strategies in PD game on networks

II.1.

Introduction

Cooperative behavior is fundamental for the existence of complex modern societies as we
know them today. It is thus interesting for all social scientists to understand how cooperation
emerges and persists even when in many situations the rational reasoning tells us that
individuals should have more incentives to act in rather selfish than collectively beneficial
manner.
Most popular and particularly useful tool for analysis of the cooperation phenomenon is game
theoretical framework developed by von Neumann and Morgenstern7 in 1950’s and well
known metaphor for social dilemmas: the prisoner’s dilemma game (PD). Poundstone (1992)
labeled prisoner’s dilemma “... one of the great ideas of the twentieth century, simple enough
for anyone to grasp and of fundamental importance.” Twenty years old theoretical
mathematician John von Neumann inspired by the poker game started to think about the
bluffing and the ways players try to deceive each other in poker and other games. He realized
that similar set of problems and their analysis could be applied in economics, politics and
other fields. In cooperation with Oskar Morgenstern they published their findings in the book
Theory of Games and Economic Behavior. Despite its name (confusing many undergraduate
students) game theory is rigorous branch of mathematical theory that analyses conflict
between thoughtful and potentially deceitful opponents (Poundstone (1992)). The most
influential idea presented in the book is the proof that the two-player zero-sum game has
always rational course of action if players’ interests are completely opposed (so-called
minimax theorem). In 1950s two scientists from RAND Corporation Merill Flood and Melvin
Dresher decided to empirically test whether people really follow (unconsciously) some of the
theories developed by von Neumann and Nash or behave in a completely different way. They
asked their two colleagues Armen Alchian and John D. Williams to participate in the
experiment and presented them what is today known as prisoner’s dilemma game. In the basic
version of PD two individuals face the trade-off between cooperative collectively beneficial
behavior and non-cooperative self-interested behavior. Assuming that both players chose their

7

Von Neumann, Morgenstern (1944)
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actions simultaneously four possible situations can arise, either both players cooperate or one
or both of them defect. Different payoffs are attached to each of these situations in PD game.
For mutual cooperation players receive reward R. If both players defect they are punished by
payoff P which is lower than R. If one player cooperates while the other does not the
cooperating one leaves with the so-called sucker’s payoff S and the non-cooperating one with
the highest payoff in the game T usually referred as a temptation to defect. The resulting
orderings of payoffs is T > R > P > S . In this ordering of payoffs defection is the best choice
irrespective of what opponent does. Hence, in the Nash equilibrium (NE) both players do not
cooperate in prisoner’s dilemma game. In the experiment Alchain and Williams played 100
games8 and mutually cooperated 60 times. Mutual defection occurred only 14 times.
This experiment confirmed what we observe in the real life. Cooperative behavior is rather
abundant than extinct in the modern societies. Because PD game per se is contradictory to this
obvious empirical observation, researchers started to look for possible approaches that would
explain persistence of cooperation with above mentioned ordering of payoffs and selfish
players.
Nowak (2006) summarizes five mechanisms that can lead to the evolution of cooperation: (1)
kin selection that explains cooperation based on genetic relatedness of cooperating
individuals; (2) direct reciprocity assuming repeated encounters between the individuals
(sometimes called iterated PD); (3) indirect reciprocity - broader concept than direct
reciprocity working with reputation; (4) network reciprocity discussed in this paper based on
the existence of the structured interactions among agents; and (5) group selection embodying
idea that groups of cooperators might be more successful thanks to mutual cooperation within
the group. All these approaches to PD game and evolution of cooperation have been widely
discussed and investigated using various methods based on different assumptions about
rationality of the agents and their computing and information processing skills. Especially
iterated PD games allow for investigation of different mechanisms of searching optimal game
strategies. One of the interesting approaches to the problem is dynamic programming, a
method using optimal solutions of sub problems for finding solution of the overall problem.
In case of iterated PD optimal sequence of cooperative vs. defective actions is being
optimized.

8

payoff matrix used in the experiment was not symmetrical (see Poundstone (1992) pp. 106 for the exact setting
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The approach we follow in this paper is based on the idea that in reality people generally do
not think and behave like game theorists and generally do not deduce the best strategy for the
game or the situations that can be represented with it. Hence, the assumption that the behavior
of individuals evolves based on a simple evolutionary dynamics in which more successful
behavior is adopted by larger portion of individuals seems reasonable and defendable. This
idea have been formalized and extensively studied by evolutionary game theory (EGT) (Smith
(1982)). EGT works with the concept of evolutionary stable strategy (ESS) which represents
the strategy that once adopted by the population of players cannot be invaded by the mutant.
For the prisoner’s dilemma game both equilibrium (or stable) outcomes NE and ESS coincide
and the assumption of lower cognitive capabilities of the players alone cannot explain why the
conclusions given by these undoubtedly useful theoretical tools differ from what we usually
observe around us.
Recent research on the evolution of cooperative behavior showed that evolutionary version of
the game theoretical models can still be used for explanation of the persistence of cooperation
in the population of individuals facing the social dilemma in the form of PD if we limit the
interactions of each of the individuals to only a subset of population. In the traditional version
of EGT models individuals are assumed to interact with every other member of the population
with the same probability (so-called well-mixing assumption). However, this assumption is
very often violated in the real systems; more or less complex topological interaction structures
are prevailing. The first studies on spatial and network versions of the PD game showed that
structured populations evolve quite differently from the well-mixed ones. In such populations
not only cooperation survives but often becomes dominating strategy in the population.
In our paper we extend research on evolution of cooperation on networks. Our main
motivation is to deepen the understanding of how different topological structures influence
evolutionary dynamics. We construct model of the evolution of strategies in the prisoner’s
dilemma game played on networks. We use four different interaction topologies: grid, ring,
small-world and scale-free networks. To examine their effects on the evolutionary dynamics
of the model we introduce four different mechanisms (in our case imitation strategies) through
which strategies spread in the population. The aim of our work is to find out if the final
outcome i.e. stationary distribution of strategies in the population is solely result of the
topological features of particular interaction structure or a result of the combination of both
topology and other evolutionary mechanisms. The collection of the results from our numerous
Monte-Carlo simulations shows that the latter explanation is more valid.
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II.2.

Literature review

First spatial models with regular and simple spatial structures have shown that cooperation
can be evolutionary viable for a large subset of the PD game parameters (Nowak, May (1992),
Nowak, Bonhoeffer, May (1994), Nowak, Sigmund (2000)) and drove attention to the impact
of spatial structure on the stable state level of cooperation (Eshel, Samuelson, Shaked (1998),
Santos, Pacheco (2005)).
Recently, the evolution of cooperation has been examined on networks with heterogeneous
degree distribution that better reflect topology of the real world networks of contacts
(Barabási, Albert (1999), Watts, Strogatz (1998)). Real world networks are very often
characterized by high clustering coefficient that enables agents to reciprocate each other to
outperform defectors. At the same time, Milgram (1967) has shown that the path any two
individuals are connected with is much shorter than in case of regular lattice (a simple
network with high clustering coefficient). Playing PD on Watts and Strogatz (1998) smallworld network derived from a ring by random rewiring leads to lower stable state level of
cooperation than the ring would have. This result is given by long-range connections that
open the possibility for free riding to more players (Wilhite (2005)). Three different dynamics
are observed in small-world networks with respect to the level of temptation. For the
temptation payoff high (low) system converges towards equilibrium with full (no) cooperation
(Abramson, Kuperman (2001)). The convergence is faster with more rewiring (lower
clustering) in the small-world network. Between these two extremes number of cooperators
and clustering coefficient are closely related. Cooperation is more successful in the more
clustered networks with less long range connections (Masuda, Aihara (2003)). Santos (2006)
shows that the level of cooperation in the small-world networks results from two sources:
heterogeneous connectivity distribution and pure small-world effect. Heterogeneous
connectivity distribution leads to the overall enhancement of cooperation for all values of
temptation parameter whereas pure small-world effect increases survivability of cooperators
up to larger values of the temptation parameter. Pure small-world effect is very subtle and in
the heterogeneous small-worlds almost indistinguishable. An interesting behavior with sudden
breakdowns of cooperation followed by long time recovery occurs in small-world networks if
an influential node with directed random links to the other nodes in the network is added to
the model (Kim et al. (2002)).
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Scale-free networks generally display high cooperation levels (Wilhite (2006)). The
emergence of cooperation in closely related to the degree distribution with highly connected
nodes being largely populated by cooperators and defectors occupying nodes with low
degrees (Santos (2006)). This regularity in the distribution of strategies stems from the
following mechanism of hubs’ strategy choice observed in the simulations. Let us begin with
hub occupied by the defector surrounded by cooperators. Having high degree means having
substantially higher payoff from exploitation of many cooperating neighbors. In the next
periods most of these neighbors switch their strategy to defection and the payoff of the hub
decreases consecutively. Remaining cooperating neighbors are able to profit from cooperation
and attain higher payoff then the hub surrounded by defectors which in the following periods
leads to restoration of cooperation by the hub. Once hubs are populated by cooperators, the
fraction of cooperators in their neighborhood starts to increase which enhances spread of
cooperation even further (see Santos (2006)). Based on the series of simulations Santos and
Pacheco (2005) conclude that scale-free topology ensures the prevalence of cooperation in the
PD and snowdrift game for the entire range of parameters.
A review of the literature on spatial PD reveals that the imitation rules used by different
authors vary significantly ranging from simple rules like “copy the strategy of the neighbor
with the highest payoff” (e.g. (Nowak, May (1992), Wilhite (2006)) to stochastic rules taking
into account payoff differences (e.g. Nowak, Bonhoeffer, May (1994)). Therefore, the
question of robustness and generality of the results, as addressed in our article, against various
imitation rules arises. Wu, Xu, Wang (2008) ask similar question in connection with Santos,
Pacheco (2005) statement that scale-free networks provide a unifying framework for the
emergence of cooperation. They test Santos, Pacheco (2005) results for three updating rules
and conclude that scale-free topology may not be the crucial factor for the emergence of
cooperation with updating rules and dynamics governing the game being of the utmost
importance. As we will show in the following sections none of the examined topologies can
be used solely as an explanation for particular stationary mix of strategies in the population. It
is the combination of both topological features and evolutionary mechanism that matters.
II.3.

The model

In this section we define the basic constituents of our model. Our model is built as an
evolutionary prisoner’s dilemma game played on network. The model consists of four parts
•

the set of agents,
20

•

the set of strategies and corresponding payoffs,

•

the interaction structure, and

•

update rules, according to which agents revise the chosen strategy

Contrary to more traditional game-theoretical models we do not assume rational agents able to
deduce a particular Nash equilibrium strategy but we allow boundedly rational agents to
gradually update their strategies and adapt to the changes in the environment they co-create
with other agents. In this sense our model is more closely related to the evolutionary gametheoretic models (Wibull (1995)) or population games (Sandholm (2008)). Additionally to the
evolutionary nature of our model we abandon the assumption of well-mixing and assume
more structured population instead (with more or less complex interaction structure
represented as a network). We are interested in a steady state or stationary distribution of
strategies in the population.
II.4.

Agents

Following Eshel, Samuelson, Shaked (1998) note that the real agents neither face the
sterilized 2 x 2 games common in the theory nor do they think like game-theorists we assume
boundedly rational instead of fully rational agents. Although we assume that agents are not
able to deduce the optimal strategy for the game we do not leave them completely helpless.
Additionally to their own payoffs we allow them to observe the payoffs and strategies of their
neighbors. This allows agents to revise their strategies according to these observations.
II.4.1.

Strategies and payoffs

Each player can choose an action from the set Ai = {C , D} , where C denotes cooperation and
D defection. We assume that agents use only pure strategies so each agent either cooperates or
defects with probability 1. If we denote ai the action of agent i and aj the action of agent j, the
i’s payoff π i (ai , a j ) from this interaction is given by the payoff matrix (Table 1). Based on
the different orderings of the values in the matrix one can define social dilemma games with
different tensions between individually and collectively beneficial actions. In our paper we
use the following ordering of the payoffs T > R > P > S which results in the prisoner’s
dilemma game.
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The overall payoff from the interactions with all agents in the i’s neighborhood is then given

by the sum
Π i = ∑ j =i 1 π ( ai , a j )
N

TABLE 1 Payoff matrix

We are aware that the choice of the accumulated payoffs as a measure of the agent’s
performance strongly influences the results of the analysis. Comparing Santos, Pacheco
(2005) and Wu, Xu, Wang (2008) one could find out that using for example averaged payoffs
instead could lead to fundamentally different conclusions. We will add this as an additional
argument for the careful interpretation of the results from similar experiments.
II.4.2.

Network

The agents are arranged in a network. The network consists of
•

a finite set of nodes

•

a set of links

and

The set of nodes in the network represents the set of agents and the set of links the
interactions between them. The network
matrix
•
•

can be represented by the

adjacency

where
if

and

otherwise,

and

•

The 1’s in the matrix mean that agents interact with each other. We also assume that the
matrix

is symmetric so if agent is affected by the action of agent

is affected by the action of agent . By setting

equal to

we allow for a self-play. Let

denotes the set of neighbors of agent
agent ’s neighbors. In the network theory the
we allow for a self-play

it is also true that agent

and

number of

is called degree of node . Note that because

also includes .
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In our model we use four networks with different connectivity structure: grid, ring, smallworld and scale-free9. Each network can be characterized by number of topological
properties. The degree distribution of the network defines the probability of finding a node
with particular number of neighbors. According to Amaral, Kuperman (2000) we can divide
networks into single-scale networks with a characteristic degree and exponential or Gaussian
degree distribution and scale-free networks without any characteristic degree and power-law
degree distribution. In our case, grid, ring and small-world networks belong to the former
group while the scale-free network to the latter.
Other characteristics that differentiate the networks used in our article are average distance
and clustering coefficient. First, denote
•

path of length between node and
that

•

as a sequence of nodes

such

, and

distance between node and as length of a shortest possible path between them.

Then the average distance is the average of distances between all pairs of nodes of a network.
The average distance is an important measure of how far the nodes are from each other and
how fast the information or particular behavior can spread through the network. In our case,
we can observe rather long average distances for the grid and ring networks and small
distances for the small-world and scale-free networks.
The clustering coefficient can be defined as the average fraction of the pairs of nodes from the
node’s neighborhood that are also neighbors to each other. Clusters play important role
because the actions of the members of the clusters usually have larger effects on each other
than the non-members. In our case grid has a clustering coefficient equal to

which means

that none of the two neighbors of particular node are also neighbors to each other. As we will
see this fact has an important implication for the dynamics of our model. On the other side,
we usually find a large number of clusters in ring, small-world and sale-free networks.
Our choice of the examined network topologies was not completely arbitrary. The grid
network is often used representation of the local interaction structures both in natural and
social sciences. The first spatial evolutionary models of Nowak and May (1992, 1993) used
the grid as a simple representation of spatial space. The ring network is important for two
reasons. First, since Salop (1979) introduced circular space into the economic literature of
9

For comprehensive discussion of other types of networks (star, tree) see Wilhite (2006).
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spatial competition the ring has been widely used as representation of space in economics and
other social sciences (e.g. Hotelling (1929)). Second, ring network serves as a starting point
for construction of another important kind of network, the small-work network. So, it would
be interesting to examine how the slight modifications needed for the transition from one type
of the network to another influence the dynamics of our model. In small-world networks two
important features of both natural and social real-world networks i.e. the high clustering and
small average distance appear simultaneously. While the first observations of small-world
phenomena in social networks came with the experiments of American sociologist Stanley
Milgram (Milgram (1967)) later examination of other networks both from natural and social
systems proved that the small-world characteristics can be found for example in the neural
network of the nematode worm C. elegans; the electric power grid of Western part of USA
and many others (Watts, Strogatz (1998)). The large body of literature focusing on the
dynamic processes on small-world networks reflects both the great interest in this kind of
network topology and its importance. Last but not least the scale-free networks capture
another interesting feature of many real world networks. In many cases, from the cellular
metabolism and protein regulatory networks, through the network of Hollywood movie actors
or the web of human sexual contacts to the world-wide-web network (Barabási, Bonabeau
(2003), there exist nodes that have huge number of connections to other nodes while at the
same time most of the nodes in the network have only few such connections. The distribution
of number of connections for individual nodes is then skewed and can be represented by the
power-law distribution. The “extreme” topology of scale-free network has large impact both
on the dynamics of processes that happen on this kind of networks (Satorras, Vespignani
(2001)) and on the robustness against errors and attacks (Albert, Jeong, Barabási (2000)).
II.4.3.

Update rules

While we hold the set of available strategies and the interaction structure fixed individual
agents could revise the choice of their strategies. If the updating of strategies takes place after
each time period for all agents in the model we speak about synchronous updating.
Synchronous updating means that after each period (i.e. after all agents played the game with
all their neighbors) all agents simultaneously revise their strategies according to the updating
rules defined bellow. We also decided to use asynchronous updating mechanism meaning that
each agent has some probability of revision of her chosen strategy after each period. As
originally reported by Huberman, Glance (1993) synchronous and asynchronous settings yield
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fundamentally different dynamics of the model. Each researcher should carefully choose the
appropriate triggering mechanism for the problem under study.
As noted earlier while we do not allow agents to deduce the best strategy for the game we
allow them to observe the actions and results of agents they interact with and assume that
their decision in the next round reflects information they have received about strategies and
profits of themselves as well as their neighbors (see e.g. Pingle and Day (1996), Pingle
(1995), Offerman, Sonnemans (1996) for evidence on imitation behavior). In our model we
employ four different imitation rules in which information about actions and results from the
previous period is used:
•

The max rule

•

The mean rule

•

The min rule

•

The fitness based rule

We did not choose these rules ad-hoc. Our choice was based on empirical observations of
people’s behavior reported by Narduzzo, Warglien (1996). These authors experimentally
tested what kind of strategies people use when they have to choose between two actions with
uncertain outcome and the only information they have is the experience of other people.
Experimental subjects were asked to choose between two options A and B. The only
information they were given was that “objective” performance of the products is expressed by
a number and is uncertain and the same product can generate different performance with
different individuals. The only information about the product available to experimental
subjects was sample of six other subjects that have chosen product A or B and performance
these six people obtained from given product. In fact performance of product A and B were
chosen randomly with the same average and standard deviation. Based on people’s choices
and interviews with experimental subjects Narduzzo and Warglien identified four heuristics
that people used to choose between the two products. Three of them are described bellow; the
last one is based simply on the popularity of certain product: people choose the product that is
most popular among others who have already adopted certain product.
For the max rule we can write that
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Imitation of the strategy of the best performing individual within the neighborhood proved to
be very efficient algorithm (Gigerenzer, Goldstein (1996)). However, in some situations it can
be a consequence of a cognitive distortion reported e.g. by Jenkins, Ward (1965) known as
“illusion of control”. People believe that they are able to influence outcomes of their actions
despite the fact that they do not have any factual influence over it. The expectation of their
success is much higher than available information suggests. The max rule has been widely
used within the spatial PD game literature (Zimmermann, Euíliz (2005), Abramson,
Kuperman (2001), Kim et el. (2002) etc.).
For the definition of the following rules first denote
•

, resp.

is the set of cooperators, res. defectors, and

•

, resp.

is the set of payoffs of cooperators, resp. defectors.

The mean rule can be than written as

This is the only heuristics compatible with Bayesian optimization. Individuals
deterministically choose their strategy by comparing average payoff of the cooperating
neighbors with the average payoff of the defecting neighbors.
We define the min rule in the following way

The min rule reflects strong loss aversion (the tendency to avoid losses). This behavior was
first reported by Kahneman, Tversky (1979) and individuals following min rule heuristics
choose the strategy with the highest minimum in the neighborhood.
The last rule was chosen to connect our work with an inspiring works of Nowak and May
(1992, 1993), Nowak, Bonhoeffer, May (1994) and make our results comparable to theirs.
What follows is the detailed description of the above rules. We will call this rule fitness based
updating and define it as follows
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Fitness based updating mechanism (or roulette-wheel selection) is used in many models of
spatial PD (e.g. Nowak, Bonhoeffer, May (1994)). The probability that node

will become

cooperator in the next round is proportional to the total payoff received by ’s cooperating
neighbors (plus ’s payoff if cooperated in the last round).
We simplified the above definitions by omitting the cases in which there is no clear “winner”.
For the max rule it can for example happen that several agents reach the maximum observed
payoff. Similar situation can arise for other three rules if either both strategies have the same
observed average payoff, or have the same observed minimum. In those cases additional rule
has to be applied to let the agents choose among them. We decided that agents choose
randomly among strategies in those cases. This is of course arbitrary choice and we would
like to note that other mechanisms could change the results.
While there exist some approximate analytical results for similar evolutionary models with
simple interaction structures (see e. g. Szabo, Fath (2007)) the complex topological features of
networks of interactions and use of boundedly rational agents in our model make the use of
computer simulation the simplest available tool to analyze the behavior of the model. In the
next section we give the details of computer simulations used and present the results of our
experiments.
II.5.

Simulation results

In all our simulations we let 2500 agents play the prisoner’s dilemma game on the four
different types of networks and use four different imitation strategies described in the
previous section. For each combination of network type, imitation strategy and type of
synchronization

we

repeated

the

experiments

50

times

which

results

in

the

4 × 4 × 50 × 2 = 1600 simulation runs. We use networks with average degree equal to 4 and for

the construction of the small-world network we set rewiring probability equal to 0.1. Each run
consisted of 3500 periods for the synchronous updating and 14000 periods for the
asynchronous case. During asynchronous updating each agent had a probability 0.25 to revise
her action. Average connectivity of the network was set to 4 for all types of networks i.e. each
agent was connected on average to four other agents. According to Nowak, May (1992) we
used an one-parameter version of the PD payoff matrix with 2 ≥ T = b > R = 1 > P = S = 0 .
This allows us to study different intensities of the dilemma while maintaining its fundamental
structure.
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Each simulation started with equal share of cooperative and non-cooperative agents. The
levels of cooperation were calculated as averages over last 1000 periods in the case of
synchronous updating and over last 4000 periods in the case of asynchronous updating and
then averaged over all 50 experiments.
In the following section we briefly introduce simulation results for the four network
topologies with brief reflection of conclusions of previous studies of given networks. First, we
will consider ring topology that is characterized by very high clustering coefficient and
relatively long average distance. Eshel, Samuelson, Shaked (1998) have shown that
cooperation on the ring persists thanks to the fact that concentrated cooperators earn high
payoffs. In their article each agent considers only two immediate neighbors and uses mean
rule for the decision about the strategy in the next round. The authors have shown that in this
case final outcome depends in fact only on the border agents separating clusters of
cooperators from clusters of defectors. Wilhite (2005) uses the max rule and his results
indicate that ring network is most supportive for the emergence of cooperation with level of
cooperation very slowly (very large number of rounds) increasing to levels above 95% for
both synchronous and asynchronous updating. Both cooperators and defectors survive if there
is at least one string of more than three cooperators and at least one defector at the beginning
of the simulation.
FIGURE 1 Ring Network

Source: own calculations
Our results suggest that ring network is highly sensitive to updating rule. We replicated
Wilhite’s results for max rule with high levels of cooperation for both synchronous and
asynchronous updating. For mean rule high levels of cooperation persist for synchronous
updating but cooperation recede with increasing temptation parameter for asynchronous
updating. In case of synchronous updating the transition from high to low cooperation levels
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takes place for the temptation parameter equal to 1.5 for fitness and min rule, max and mean
rule exhibit high cooperation levels for all values of parameter b. In case of asynchronous
updating gradual decline in cooperation levels with increasing b takes place when min and
mean rules are used, fitness rule yields high cooperation levels up to b equal to 1.8 then the
cooperation levels significantly fall. Max rule is the only rule exhibiting almost full
cooperation for both synchronous and asynchronous updating for all values of parameter b.
Our results suggest that ring network is highly sensitive to updating rule and also to the
intensity of the dilemma measured by the value of parameter b. The average fraction of
cooperators on the ring network was 0.71 for synchronous and 0.68 for the asynchronous case
but individual results for different combinations of parameters varied greatly and we could
observe interesting and sometimes dramatic phase transition from high to low cooperation
levels with increasing temptation parameter.
Grids with both the Moore (eight neighbors) and Von Neumann (four neighbors)
neighborhoods were largely studied by Nowak and May (1992, 1993) and Nowak,
Bonhoeffer, May (1994). One of their main findings was that updating rules that give more
weight to the most successful neighbors favor cooperation (i.e. max rule should lead to higher
cooperation levels than fitness rule). Our results for different temptation parameters and two
update rules did not confirm these outcomes as a general rule. Compared to ring grid network
shows rather gradual decline in cooperation levels with increasing parameter b for all
evolutionary mechanisms. It seems that grid is less sensitive to updating rules than ring
network.
FIGURE 2 Grid network

Source: own calculations
Small-world networks are derived from the ring by random rewiring. There is a nonmonotonic relationship between rewiring probability and the level of cooperation in the stable
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state. Abramson, Kuperman (2001) have found (using max rule) that the number of
cooperators has clear bottom at the rewiring probability equal to 0.1 for the temptation
parameter equal to 1.2. The explanation of high cooperation levels for low rewiring is
obvious; small compact groups are able to benefit from mutual cooperation without being
exploited by individual defectors. With rising interconnectedness of the network these clusters
are torn apart and defectors are able to exploit cooperating groups. However, with further
increase in the rewiring probability cooperators are again able to reconnect and cooperation
survives.
FIGURE 3 Small-world network

Source: own calculations
Two processes take place when increasing rewiring probability: average shortest path declines
and degree distribution of the network changes from homogeneous to heterogeneous. Santos
(2006) examined one-shot PD played on the heterogeneous and homogeneous small-world
networks to be able to distinguish pure small world effect and concludes that the role of pure
small-world effect is quite subtle. Santos (2006) uses imitation strategy based on pair wise
asynchronous comparison of the total payoffs assigning higher probability of being imitated
to agents with relatively higher total payoffs. He concludes that the level of cooperation
increases for high temptation to defect and decreases for small temptation as a consequence of
pure small-world effect. Masuda, Aihara (2003) identified three regimes for the small-world
network with the homogeneous degree distribution. For the temptation parameter sufficiently
small (large) the system converges towards the full cooperation (defection) state. For the
temptation parameter between 1.3 and 2.3 the number of cooperators is closely related to the
clustering coefficient of the network.
In our simulations we used only one rewiring probability parameter (= 0.1) and focused only
on the impact of updating rules and temptation parameter on the cooperation levels. For
30

synchronous updating we can observe gradual decline in cooperation levels for all four
imitation rules with increasing temptation parameter hampering cooperation most
significantly for fitness and mean rule. In case of asynchronous updating levels of cooperation
behave in a similar way for all imitation rules.
FIGURE 4 Scale free network

Source: own calculations
Scale-free network has attracted a lot of attention within the scientific community mainly
thanks to its interesting properties such as vanishing epidemic threshold (Barabási, Deszo
(2002) or high robustness to random failure (e.g. Guillaume et al. (2005)). The emergence of
cooperation on the scale-free networks has been stressed in Wilhite (2006) using max rule as
well as in Santos, Pacheco (2005) using updating mechanism favoring strategies with higher
payoff dominance. Our results are not fully in line with these conclusions. For max rule we
really achieved high cooperation levels for all levels of temptation parameter. However, for
other three imitation rules the scale-free topology displays ambiguous results with cooperation
levels significantly declining in synchronous case and less so for asynchronous case. The
average level of cooperation for scale free network was 0.58 for synchronous updating and
0.73 for asynchronous updating (which is highest average level of cooperation among the four
networks). Hence, we suggest that scale-free topology is one of the networks sensible to the
updating rules.
Our main concern was to investigate whether any particular topology favors cooperation in
such a manner that we can paraphrase Santos, Pacheco (2005) and say that it provides a
unifying framework for cooperation. If we look at the very bottom line of the Table 2 that
displays final shares of cooperators in the population for every combination of network type,
imitation strategy and synchronization, we can see that the average proportions of cooperators
range somewhere between 0.54 and 0.73. These values suggest that the cooperative behavior
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survived and sometimes even dominated. However, high values of standard deviations tell us
that the individual results varied greatly and closer look on Table 2 and Figures 1 to 4 reveals
that for each topology we can find both states with high and low levels of cooperation. The
results are rather ambiguous and we can hardly conclude that any of the examined topologies
itself assures dominance of cooperation.
However, we can recommend that when looking for reliable results applicable on real world
networks such as networks of friends and acquaintances (see Granovetter (1983) and the
literature on job search), open source software development community (Xu et al. (2005))
(both characterized by small-world properties), or file-sharing communities on world wide
web (Adar, Huberman (2000)) having scale-free topology, we should focus our attention on
modeling of networks most closely reflecting topological properties of these networks
because simplified structures such as ring or grid can importantly differ in predicted levels of
cooperation.
TABLE 2 Simulations results

Note: The numbers in the table where calculated as averages of the proportion of cooperators
). The numbers in the brackets are standard deviations
for different values of b (where
of the measurements and represent differences among individual results for different values of
parameter b.
Source: own calculations
Let us now take a different perspective and observe how combination of particular imitation
rule and synchronization affects outcomes for the four examined network topologies.
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Figure 5 shows that for max rule (in case of synchronous updating more so) topology matters
and the level of cooperation on ring and scale-free networks remains relatively stable and very
high for increasing temptation parameter whereas defection spreads on small world and grid
networks for higher temptation. The diffusion of defective behavior is deepened when
synchronous updating is used for grid network.
Mean rule exhibit gradually declining cooperation levels for all networks and synchronization
with one exception: for synchronous updating applied on ring network cooperation levels
remain well above 0.8 for all parameters b.
Min rule yields lowest average level of cooperation from all tested rules. For temptation
higher than 1.5 cooperation levels are for all networks below 0.6 and remain relatively stable
with increasing b. The differences between networks are small, scale-free network slightly
favors cooperation for higher values of temptation parameter.
Finally, fitness rule exhibits interesting phase transition from high cooperation levels for b
smaller than 1.3 (1.7) for synchronous (asynchronous) updating to almost high defection
states for temptation parameters exceeding 1.9 (for synchronous case).
Apparently, different imitation rules yield different levels of cooperation. However, there is
no clear direction in which different imitation rules influence simulation outcomes (see Table
2). Simple example shows why the outcomes differ. Imagine part of the network consisting of
agent i, her neighbors and neighbors’ neighbors (let us call them first and second neighbors).
Because we use networks with average degree 4 we assume in our example that there are 4
first neighbors and each of the first neighbors has 3 second neighbors thus we create a tree
type network of 17 agents. We include only cases in which second neighbors are always
cooperating in case they are linked to cooperating first neighbor. For all possible settings of
this simple network we find that for temptation parameter equal to 1 (2) outcome of max and
min rule differ in 4 (17.1) % of cases (in additional 29 (5) % of cases the comparison of
payoffs does not give clear winner and therefore there is 50 % chance of different outcome),
max and mean rule differ in 5 (7) % of cases (in 23 (7) % there is not clear winner) and finally
min and mean rules differ in 3 (9) % of cases (in 9 (6) % there is not clear winner). There are
between 7 and 20 % of situations in which the agent chooses different strategy for different
imitation rule for our simple part of the network. Thus it is not surprising that the dynamics
and level of cooperation differs for whole network structure when using different imitation
rules.
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As already foreshadowed by Huberman and Glance (1993) synchronization of the actions of
the players importantly affects outcomes of the games. Differing results stem from the fact
that in games with different synchronization players observe world in different states. When
updating their strategies simultaneously, all players observe the world in the same moment
and their decisions reflect this particular state of the world. In case of asynchronous updating
each player sees the world in a little bit different and unique state taking into account these
unique conditions. As stressed by Nowak and May (1994) both these approaches are relevant
for the investigation of the real world systems and as shown by the authors the examples of
both types of systems are numerous. Their general result about persistence of cooperation
thanks to spatial effects remains unaffected by the synchronization chosen. However, more
detailed view reveals that synchronization matters and changes outcomes of the game played
on different networks. We did not find any general pattern how synchronization influences
simulation outcomes. We present in this work examples of both extreme cases (asynchronous
updating yielding higher cooperation levels for all levels of the temptation parameter (e.g. all
imitation rules on scale-free network) as well as asynchronous updating yielding lower
cooperation levels for all levels of the temptation parameter (e.g. min rule applied by agents
placed on small world network)). At the same time many combinations of imitation rule and
network exhibit higher cooperation levels only for certain levels of temptation parameter.
Henceforth, once again choosing way of synchronization should be done carefully and with
respect to the real system that is being modeled.
To sum up, we have found that cooperation is survivable strategy when interactions among
economic agents are structured. We identified five cases (combinations of imitation rule,
synchronization and particular network) in which almost full cooperation emerges for the
temptation parameter 2 ≥ b > 1 : max / synchronous / ring; max / asynchronous / ring; max /
synchronous / scale free; max / asynchronous /scale free; and mean / synchronous / ring. In all
other cases rising temptation parameter more or less gradually reduces level of cooperation in
the system.
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FIGURE 5 Imitation rules and synchronization

Source: own calculations
An interesting question arises whether it is possible to look for some simple general rule
governing the evolution of behaviors in networks as was suggested by Nowak (2006). While
we did not test this question directly the great variations in the results for different
combinations of network topology, imitation rule, updating mechanism and intensity of the
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dilemma lead us to the belief that no such general rule might exist. But we leave the proper
investigation of this problem for further research.
II.6.

Conclusions

In this article the effect of topological structure of interactions on the evolution of cooperative
behavior was systematically examined. We constructed a simple model of a prisoner’s
dilemma game played on networks and let the strategies evolve according to particular
evolutionary mechanisms. We use four different types of networks that are both often used in
the theoretical literature and exhibit some features of real world interaction structures: grid,
ring, small-world and scale-free network. Along with the similar studies on this topic our
results confirm that under certain conditions evolutionary dynamics in the structured
population can favor cooperative behavior.
To gain deeper understanding on whether certain topology can solely by itself explain
existence of cooperation we introduce to each topology four different mechanisms (imitation
strategies) through which strategies can spread in the population. As results of the extensive
Monte-Carlo simulations showed the evolutionary dynamics in our model is influenced by the
combined effect of both the topological features of particular interaction structure and other
evolutionary mechanisms. Even if none of the examined networks represents a "unifying
framework for the emergence of cooperation" (Santos, Pacheco (2005)) the effect of
interaction structure is undoubtedly important and deserve further study by the social
scientists. There are also many ways in which our model could be extended or modified to get
other interesting results. For example one can assume that individuals use more complex
strategies that map the history of the previous plays into the actions in the future, combine
individual learning with the imitation, use different strategies for each partner in the game, or
model links between agents as directed or weighted networks.
Evolutionary models like the one presented here represent very useful tool for understanding
interesting phenomena around us. However, like every other tool it should be used with the
caution. All models are built on assumptions. If one have to choose between different types of
assumptions it is useful to carefully look for the empirical or experimental findings that can
help to bring the model closer to real situations. For example we used experimentally
observed imitation strategies and incorporated them into our model. We see this approach
more useful than just using maybe intuitively acceptable but ad-hoc chosen assumptions.
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II.8

Appendix I: List of mathematical symbols

A

set of possible actions

ai

action of agent i

aj

action of agent j

gij

link between nodes i and j

N

number of nodes in the network

L

matrix of links in the network

C

cooperation

D

defection

P

payoff in case of mutual defection

R

payoff in case of mutual cooperation

S

payoff of cooperating agent if the other agent defects

T

payoff of defecting agent if the other agent cooperates

π i (ai , a j )

payoff of agent i from interaction with agent j

, resp.

set of cooperators, resp. defectors

, resp.

set of payoffs of cooperators
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III.

Social Networks and Migration Decisions

III.1.

Introduction

International migration and mobility of people has important impacts on the functioning of
markets in the receiving as well as sending countries. Hence, our understanding of basic
motivations and principles of migration flows is highly desirable. Massey (1998) identified
five fundamental questions that arise in connection with migratory flows:
1. What are the structural processes in developing nations that produce emigrants?
2. What are the structural forces in developed nations that create a demand for their
services?
3. What are the motivations of people who respond to these macro-level forces by
moving internationally?
4. What social and economic structures arise in the course of international migration and
globalization to support and sustain international movement and how do they feed
back on migratory processes?
5. How do national governments respond to the resulting flows of people and how
effective are their policies likely to be?
I this paper we will attempt to provide some insight into the question three and four, focusing
on micro behavior of potential migrants.
First theoretical models of migration behavior were based on the wage differentials
(Ravenstein (1889)). Hicks (1932) expressed the point of view of classical economic theory of
migration in the statement “... differences in net economic advantages, chiefly differences in
wages, are the main causes of migration”. This first insight into the migratory behavior
proved to be extremely useful and valid. Vast majority of empirical studies later
acknowledged wage differentials as one of the important determinants of migration flows (see
e.g. Kau and Sirmans (1976), Eriksson (1989), Faini and Venturini (1994), Hatton and
Williamson (1994)).
However, wage or income differentials failed to provide complete and fully satisfactory
explanation of the migration puzzle: Why so many people stay while huge wage differentials
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persist? Harris and Todaro (1970) supplemented the theory with another factor: probability of
finding employment in the destination region. Hence, the theory works with homo
oeconomicus comparing economic conditions in the two regions. Massey (1993) introduces
the following form of the model, in which a rational agent makes decisions according to the
expected net return to migration:10
n

ER(0) = ∫ [ Ed (t )Yd (t ) − Eh (t )Yh (t )] e− rt dt − C (0) ,
0

where ER(0) is the expected net return to migration calculated prior to departure, at time 0.
The probability of employment at the destination region is Ed, and Yd is income in the event of
employment in the destination region. The probability of being employed in the region of
origin is Eh, and Yh is income in the case of employment in the region of origin. The sum of
all costs that a migrant must bear if he decides to leave the home region is C(0). An individual
will migrate on condition that ER(0) > 0. For ER(0) < 0, she will stay in her home region, and
in the event that ER(0) = 0, she is indifferent. Prospective migrants go to the region with the
highest ER(0). In connection with this model, Massey writes,
"Migration occurs until expected earnings (the product of earnings and employment
rates) have been equalized internationally (net of the costs of movement), and
movement does not stop until this product has been equalized."11
Hence, for homogenous agents and given zero unemployment rates, the model predicts wage
equalization caused by migration flows from low-wage countries to ones that are more
prosperous.
Empirical evidence on the influence of employment opportunities is ambiguous: some of the
studies found positive impact of employment opportunities on migration (Lundborg (1991),
Hartog and Vriend (1989)), yet others found negative relationship between the employment
opportunities and the size of migration flows (e.g. Kau and Sirmans (1976), Fields (1991)).
Harris and Todaro (1970) hypothesis were strongly empirically confirmed by the studies of

10

The model presented here is simplified; the possibility of deportation is not taken into account.

11

Massey (1993, 435).
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Bowles (1970) and Straubhaar (1988) that included wage differential weighted by
employment opportunities into their models.
However, income differential and employment opportunities are able to explain real world
migration flows only to some extent. To fit the real data properly, other variables were found
significantly affecting migration between regions. From macro perspective distance-related
variables were found significant (linguistic distance, geographical distance, historical ties
between countries, trade volume...), together with the extent of national welfare state
programs etc. (Pedersen et al. (2004)). Studies analyzing micro data have shown that there
exists a significant relationship between age and likelihood of migration (see e.g. Stark and
Taylor (1991), Taylor (1986)). Other personal characteristics significantly correlated with
migration decisions are education, marital status, house ownership etc. (for overview see
Bauer and Zimmermann (1999)).
There is one more variable with very strong explanatory potential in predicting future
migration flows: the existing stock of immigrants of given ethnic origin. Pedersen et al.
(2004) found that R2 of the model increased from 45% to 75% when stock variable is
included. Similar results were observed by Zavodny (1997), Hatton and Williamson (2002)
and many others. As Pedersen et al. (2004) points out “The highly significant coefficient to
the stock variable indicates the existence of strong network effects.” Micro level approach
offers several competing theories explaining the fact that people related to current or former
migrants are more likely to migrate themselves. First theory is based on the non-random
selection. The membership in certain social network is a strongly influenced by social and
economic characteristics of each person. These characteristics at the same time determine
individual’s propensity to migrate. As a consequence, we can observe high correlation
between migration decisions of members of particular social network. Another line of
reasoning postulates that migratory behavior of friends, relatives and community members is
correlated because these people share common characteristics and live in similar environment
(hence facing similar constraints). Similar arguments are at the heart of joint decision making
hypothesis that states that household members are jointly maximizing household income
which in turn leads to similar migratory decisions (see Borjas and Bronars (1991)). New
economics of labor migration (see Stark (1991)) adds risk minimizing considerations of
households. Interestingly, according to this hypothesis household optimization should lead to
negative correlation between migration decisions of household members.
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One of the most popular explanations of correlated migration behavior is network hypothesis.
Network hypothesis of social capital theory suggests that people socially related to the current
or former migrants are more likely to migrate themselves because they have access to the
social capital that significantly decreases costs and uncertainty connected with the movement.
An interesting idea of the social capital theory connected with migration is the notion of value
of social network of contacts. According to this theory the act of migration of one of the
network’s members transforms “everyday ties of friendship and kinship that provide few
advantages to people seeking to migrate abroad ... into a resource to gain access to foreign
employment and the money it brings” (Palloni at al. (2001)). To prove that migration of one
person directly influences migration decisions of socially tied persons Palloni et al. (2001)
analyzed migration behavior of siblings in Mexico during 1980s and 1990s. Using multiple
hazards model they show direct influence of migration of socially tied individual on the
likelihood of migration. In particular, they found that having an older sibling who has been to
the United States triples the likelihood of migrating to the United States. This differential
persists when controls for human capital, common conditions, and unobserved heterogeneity
are introduced.
Migrant networks are seen as one of the fundamental social phenomena affecting migration
processes in the world (Massey (1990), Massey and Espana (1987)) and were empirically
observed by numerous studies (Pedersen et al. (2004), Bauer, Zimmermann (1997), Moretti
(1999), Bauer et al. (2000)). Researchers have identified following channels through which
social networks affect migration outcomes: First, potential migrants cannot have complete
knowledge about opportunities all around the world and they are not able (due to time and
money constraints) to perform all-inclusive search. Hence, the existing networks might be a
good source of relatively reliable, precise and easily accessible information about
opportunities and drawbacks of migration into particular destination. The fact that precise and
up-to-date information is available itself favors given region compared to other possible
destinations because of lower uncertainty involved in migration. An interesting study was
presented by Epstein and Gang (2004) who examined migration networks and herd effects in
Hungary with the following conclusions: “People go to where they have information. One
type of information is the information one obtains from looking at what others do. Even more
important, perhaps, what we show is that people want to migrate with friends (herds).”
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Second, migrant networks reduce costs of movement by providing information on cheap and
safe travel routes and help with the settlement process (e.g. finding suitable accommodation
and job, helping with administrative procedures etc.).
Third, existing stock of immigrants present in given destination increases the amount of
“ethnic goods” available (Bauer at al. (2000)) which decreases psychological costs of
migration connected with the disruption of the social environment and culture shock (see e.g.
Sluzki (1998) for the description of psychological costs of migration).
Despite the fact that social networks are often quoted and their importance generally
acknowledged in the migration literature, most studies see social networks only in the context
of migration enhancing source of information and cost reducing device. Hence, in many cases
only ties between current or former migrants with potential migrants are considered. We
argue that social networks play an important role in migration decisions but their role is
twofold. In case that the tie between person and current migrant exist, the costs of migration
decline. At the same time, social ties with individuals living in the current place of residence
increase utility of staying compared to migration. Questions “Why people stay?” and “Why
people move?” are only different sides of the same shield. The role of social network (with
the strong emphasis on the Granovetter’s (1983) strong ties) in the migration decision was
emphasized by Mincer (1978) who examined migration behavior of married and unmarried
couples and documented lower migration rates of husband-wife families on U.S. data. Irwin et
al. (2004) have asked the question “Why people stay?” and the answer was in line with the
findings of many others (Navratil, Doyle (1977), Goss, Schoening (1984), Burda (1993) etc.).
Currently married individuals are more likely to remain in a county than non-married.
Our model regards social networks as being potentially migration-enhancing in the case that
one of the tied individuals migrates but being migration-deterring if no one moved to another
region. In contrast to previous models, we consider not only social networks created in the
destination region, but we also consider individuals as part of social networks in the home
region. We base our theoretical model on Maslow's motivational theory, which suggests that
wages, social networks, and feelings of stability provided by the home region may be key
factors in migration decision making.
Our model is also closely related to agent-based models of migration that explicitly consider
position of the individuals in the geographical space. Let us first mention famous Schelling’s
segregation model (Schelling (1978)). In the model agents migrate to locations with certain
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desired proportion of similar individuals. This process finally yields highly segregated
structure of the city despite the fact that agents do not prefer resulting level of segregation. In
our model we do not directly examine segregation but our results suggest that certain level of
clustering of the society based on the place of the origin emerges. Our model differs in three
important aspects. First, Schelling’s agent can be only satisfied / dissatisfied with current
position whereas our agents have assigned level of satisfaction that gradually changes with the
number of friends in the neighborhood. Second, there are two types of agents in segregation
model and their type does not change during the simulation. In our model “value” of certain
agent for the neighbors changes with time spent in the neighborhood. And third, in our model
there are two additional factors influencing behavior of the agents – wage level and
“nationality”. Explicitly modeled migration of individuals that are influenced by the decision
of others can be found in Page (1998). Page’s paper deals with city formation and agent’s
preferences for location depend upon the population distribution. The author endows agents
with perfect knowledge about the population distribution (so that they can calculate their
utilities) and considers two cases: either agents can move anywhere or they can move within
fixed neighborhood. Compared to our model of migration in Page’s model economic variables
are considered only implicitly. Agent’s utility functions explicitly include only preference for
certain population distribution on the lattice. At the same time agents do not discriminate
between neighboring agents. Finally, let us mention Krugman’s model of spatial distribution
of firms that again incorporates explicit consideration of the position of individual actors in
the geographical space. The distribution of firms emerges endogenously from the decision
about desired location of individual firms and reflects tension between centrifugal and
centripetal forces that promote firms’ dispersion vs. tendency to cluster together. In our model
wage differences and social ties can be seen as two similar types of forces urging people to
stay or move.
III.2.

Theoretical Background

The model presented in this paper is based on the theory of motivation introduced in the
1950s by Abraham H. Maslow. In his book Motivation and Personality,12 Maslow identified
five needs that drive human behavior. These needs were organized into a hierarchy of relative
dominance according to their appearance in life.

12

Maslow (1954).
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Maslow identified basic (deficiency) needs, firstly physiological needs, such as hunger, thirst,
sexual desire, and the like. These are first-order needs. Human capacities such as intelligence,
memory, and physical abilities serve one purpose: to satisfy physiological needs.
One of the main purposes of society is to ensure low incidences of physiological emergencies.
Hence, situations wherein people want from hunger or thirst are quite scarce in peaceful
developed societies. The question that arises, then, is what motivates people when their
physiological needs are met.
Immediately after first-order needs are satisfied, other deficiency needs emerge. And when
these new needs are gratified or met, higher needs follow. According to Maslow, safety needs
are directly above physiological ones. Into the category of safety needs we may include desire
for security, stability, dependency, protection, freedom from fear, from anxiety and chaos,
need for structure, order, law, limits, and so forth.13 Similar to physiological needs, safety
requirements completely dominate in the event lower needs are satisfied and safety needs are
not. A manifestation of safety needs is, for example, the general preference for familiar,
known things over unfamiliar, unknown ones.
When the above-mentioned needs are gratified, needs for belongingness and love emerge, and
the whole process of satisfaction starts over again. People long for friends, spouses, children,
and wish to be an integral part of their family, clique, tribe, or nation. We can observe the
unfavorable implications of loosing one's roots, one's territory, one's neighborhood.
The two highest layers of human motivation are the need for esteem and for self-actualization.
Esteem needs are demonstrated as a longing for self-respect and reputation, the desire to be
recognized and appreciated by others. People seek feelings of usefulness, freedom, and
independence. Self-actualization is the need to do what an individual personally is "fitted for,"
to realize one’s uniquely abilities.
III.3.

Motivation Theory and Migration

We now turn to how Maslow's motivational theory conforms to migrational behavior. There
are five stages of needs fulfillment that an individual can experience. The first situation is

13

Ibid.
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wherein physiological needs are not gratified. Then the only desire is to achieve nourishment.
An individual will move location provided such action serves to decrease hunger or thirst.
Second, the individual has enough food but lives in unsafe, threatening surrounding, where
his life is endangered or the environment is chaotic and unpredictable. Then he or she will
seek another location with a better level of safety, predictability, and order. Physiological
needs will be gratified in the new location as well.
On the other hand, safety needs are an important factor binding people to their native land.
The territory they are living in is familiar, the majority of people they are dealing with are
known, they have social status that is connected with certain obligations and rights, they can
communicate with others in a common language, they are well oriented in cultural customs,
and the norms of behavior are familiar. An unfamiliar and sometimes hostile environment in
the destination country can disturb safety and stability requirements, and thus decrease the
benefits of migration.
Third, both safety and physiological needs are fulfilled, but the individual suffers from an
absence of family, friends, or colleagues. Social needs may encourage migration, especially in
cases when family members have already moved to a new destination for work or safety. The
reunification of families is a fundamental stimulus of migration. On the other hand, the same
strong force that motivates people to follow family members to a foreign country may
otherwise incline them to remain in their native land, surrounded by their families, friends,
neighbors, and colleagues.
The fourth factor that might motivate people to migrate is their longing for esteem, reputation,
or glory. People will move if this step is expected to be followed by improved social status or
the attainment of fame. But moving can result in the loss of an achieved position in a social
network as well.
The last motive for movement may be, according to Maslow's theory, the desire for selfactualization – the desire to effect one’s own talents and abilities.
When a person decides to move, he must consider the consequences of such a step. There are
many arrangements how to proceed and accordingly to disrupt or conversely to attain the
fulfillment of social and safety needs.
Movement to another country will disrupt safety and order in a person's life more than
movement within one's own country or to a culturally similar environment. Nevertheless, the
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violation might be less serious for people who either know others at the new destination or
who are well acquainted with the new surroundings. This may depend on education, language
abilities, accessibility of information, and the like. The existence of a same ethnic cluster in
the destination may importantly decrease social loss otherwise caused by migration.
In our analysis, we simplify Maslow's approach and employ only three motivations of
behavior. Furthermore, we assume that there are only two levels of decision making.14 At the
first level, only physiological needs are taken into account. When an individual reaches some
threshold level of saturation of physiological needs, safety and social needs follow. If wage
levels are such that they meet physiological needs, the individual seeks to secure all needs
simultaneously.
The analysis of the two levels of decision making allows us to compare migration patterns in
poor and developed countries and explain the different migration behavior of their citizens.
III.4.

Description of the Model

In our model, agents have the characteristics of the individual described above. We present
three models that incorporate three factors influencing agent utility. The first model takes into
consideration only physiological needs and supposes that they are not satisfied at any income
level. Hence, the only interest of an agent is to maximize wage.15 The second model adds the
safety need, which is represented by higher utility levels achieved in the home region
compared with others regions. This utility level decreases in the time spent outside the home
region. However, stability needs are activated only if wage exceeds a certain threshold level.
The third model examines the situation when agents' utility is positively influenced by wage,
safety, and proximity of socially valuable individuals.
The environment in which the agents are situated comprises three regions. Each region has
twenty times twenty cells and is convoluted into a torus shape.16 The toruses represent three
regions with various wage levels. The ground for the torus shape is the non-existence of

14

Empirical studies confirm existence of some hierarchical arrangement of human needs, but clear evidence is

lacking about the exact structure of such a pyramid. See Alderfer (1969).
15

We take wage as an instrument that allows agents to fulfil physiological needs (i.e., to acquire food and drink).

16

See Figure 1
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borders on its surface. The presence of borders might bias the results because when placed in
a border cell the agent would have only five neighboring cells instead of the Moore
neighborhood the other agents have.17 This would decrease the potential utility from social
contacts.18
FIGURE 1 Torus

Wage level in region i at time t is given by the equation:19

wit =

Wi
, i = A, B, C ,
nit

where W i is the predefined wage parameter and n it is number of agents present in region i at
time t .
There are 399 agents. At the beginning of the simulation, 133 agents are placed in their home
region and their exact position is determined randomly. It is possible to start different runs
with the identical initial distribution of agents.
III.4.1. Simple Model

The first model is based on the assumption that agents are maximizing their utility only
through wage maximization. Such situation occurs when an agent has unfulfilled

17

A Moore neighbourhood is defined as eight neighbouring cells on a grid.

18

In reality, of course, a social environment has no such boundary positions.

19

We assume neoclassical downward-sloping demand for labor and inelastic labor supply. Therefore, labor-

supply effect of immigration leads to a lower wage in the receiving region. For background to this assumption,
see, for example, Bauer and Zimmermann (1999, p. 48).
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physiological needs. We simplify the problem of hunger satisfaction into a wagemaximization task.
Utility of agent j at time t can be expressed as:
utj ( w) = wit ,
where w it is the wage an agent receives in the region in which he is present at time t . Agents
have perfect information about their utility in each cell and choose the cell with the highest
utility. In the case of equal utilities, the cell is chosen randomly unless one of these cells is
current location. In that case, no movement is made.
III.4.2. Model with Safety Needs

In the second model, we assume that presence in the home region is valuable because safety
needs are being fulfilled. However, if wage is below the threshold value, only physiological
needs are taken into account and only wage is maximized. The utility function of agent j at
time t is defined as:

⎧ (1 + wit )1−α (1 + bt j )α
⎪
⎪if agent is in home region
⎪⎪
utj ( w, b) = ⎨
for wit > T
,
⎪
1
−
α
⎪
(1 + wit )
⎪
otherwise
⎪⎩
utj ( w, b) = wit
for wit ≤ T
where wit is the wage level in the region agent j is present, and α ∈ 〈 0,1〉 is the parameter
of the utility function indicating sensitivity to safety needs. The T variable is the wage
threshold value. If wage is lower than T , an agent is interested only in wage maximization.20
If wage is higher than T , an agent appreciates that he can spend his time in his home region
(i.e., safety needs activated). The benefit from living in the home region is expressed by the
variable b j .
bt j (τ j ) =

20

1
,
τ +1
j

In Maslow's approach, the physiological needs are not fulfilled, and hence all other interests apart from

physiological ones are not activated.
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where τ j is the number of periods agent j spent abroad. We assume that the additional
utility gained from living in the home region decreases with the time spent abroad.
III.4.3. Model with Safety and Social Needs

In this model, the agent appreciates living in the home region as well as the direct contact
with other agents that are socially valuable to him (i.e., social needs are activated).
The social value of agent k for agent j can be expressed as:
stjk = stjk−1 + σ if k is present in j's Moore neighborhood in period t
stjk = stjk−1 − σ if k is not present in j's Moore neighborhood in period t
stjk = 1

for stjk−1 + σ > 1
for s

s =0

for all agents

jk
0

jk
t −1

,

−σ < 0

st = 0
jk

where t = 1, 2,3... is the time variable and σ ∈ 〈 0,1〉 is the coefficient that determines the
speed of the establishment and the abandonment of social ties between the agents. The utility
function is again specified separately for different wage levels.
⎧(1 + wit )1−α − β (1 + bt j )α (1 + St j ) β
⎪
⎪ if agent is in home region
⎪⎪
utj ( w, b, S ) = ⎨
⎪
⎪
(1 + wit )1−α − β (1 + St j ) β
⎪
otherwise
⎪⎩
utj ( w, b, S ) = wit

for wit > T

for wit ≤ T

where St j = stj1 + stj 2 + ... + stj 8 and j1, j 2..., j8 are cells in the Moore neighborhood of agent
j . Parameter β ∈ 〈0,1〉 expresses sensitivity to the social variable. The variable T is the
physiological threshold. Below this level of wage agents are interested only in wage.
The first period in which agents make their decision about migration may be postponed (to
allow them to create social ties with other agents).
III.5.

Computer Simulations

In order to compare the different model results, we start the simulations mentioned here with
the same initial distribution as shown in Figure 2. There are three regions––A, B, and C––
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marked as Grid A, Grid B, and Grid C. Wages in Regions A, B, and C are indicated below
each region, together with the number of agents of each color present in the region.21
FIGURE 2 Initial distribution of agents

Source: own calculations
The agents decide one after another, and distribution is thus depicted in a given period.
III.5.1. Simple Model

We begin simulations with the following wage parameters:
WA = 250

WB = 500

WC = 750

Within the first period, 136 agents moved from their home region to another, and wages
equalized in all three regions (see Figure 3).22
FIGURE 3 Simple model – stable state

Source: own calculations
21

Black agents have Region A as their home region, grey agents Region B, and white agents Region C.

22

A → B: 17, A → C: 50, B → C: 43, C → B: 26.

55

If agents are not able to find a stable state because their number is an integral figure, multiple
equilibria appear. This is the case, for example, for initial wage parameters WA = 100 ,
WB = 201 , and WC = 302 (see Figure 4).
FIGURE 4 Simple model – development of wages in case of multiple equlibria

Source: own calculations
For all initial wage parameters WA , WB , and WC , the final wage levels will be either equalized
or will reach a multiple equilibria state for the simple wage-maximization model.
III.5.2. Model with Safety Needs

Figure 5 depicts stable distribution when safety needs are added to the model and wage
parameters are set to WA = 250 , WB = 500, , WC = 750 and α = 0.3 . Threshold T = 0 .
FIGURE 5 Model with safety needs – stable state

Source: own calculations
We can see that for coefficient α = 0.3 , wages are not equal in a stable state. A stable state
was achieved after two periods, when 56 agents moved from both Regions A and B to Region
C in the first run (the highest wage was still in Region C). In the following step, all grey
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agents returned to their native region, whereas some black agents migrated to Region C.
When compared with the simple model, the addition of safety needs caused the re-emigration
of the grey agents to their home region, and, hence, a lower diversity of agents in Region B.
Wage differentiation partially survived.
FIGURE 6 Model with safety needs – wage levels in stable state for different alphas
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Source: own calculations
Figure 6 summarizes the final wages in all three regions for various alphas, wage parameters
WA = 250 , WB = 500, WC = 750 , and T = 0 . We see that for α ≥ 0.7 , the influence of safety
needs is so strong that no migration occurs at all. For wage parameters WA = 250 , WB = 300
and WC = 350 is this breaking point α = 0.4.
On condition that we employ threshold T = 3.5 , the dynamics of the system changes as well
as the final allocation of agents shown in Figure 7.
FIGURE 7 Model with safety needs – T = 3.5

Source: own calculations
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It took thirteen (instead of two) periods to find a stable state and there were a total of 778
migration moves made. Final wage levels exceeded threshold T = 3.5 in all three regions.
With the exception of the first two periods, only black agents migrated and influenced the
final stable state. Because agents left the region with wage below 3. 5 and headed for regions
with higher wages, the final wage in Region A was above the given threshold and wage levels
were less varied than for the simulation with no threshold.
III.5.3. Model with Safety and Social Needs

a) α set to 0
Let us first consider the case when α = 0 , hence agents' utility is not influenced by the region
they stay in (i.e., safety needs are not included). The decision of agents depends on the value
of coefficient β and P (number of periods for which the first decision is postponed). Let us
compare stable states for agents taking a decision in the first period ( P = 0 ) and after ten
periods ( P = 10 ) (Figure 8). Wage parameters are again WA = 250 , WB = 500 , and WC = 750 ,
parameter β = 0.3 , speed of establishment of social ties σ = 0. 1 and T = 0 .
In the simulation with the first decision made in the initial period, eighty-five agents moved in
the first period, and their migration equalized wages in all the regions. We can see that, as
against the model with safety needs (Figure 7), eighteen grey agents find it beneficial to stay
in Region C. This is caused by fact that, in the first period, social ties are so weak that agents
are able to equalize wages – they lack any motive to move further because social ties from the
first period are equalized by new social ties established in the new location, and they
gradually strengthen.
Postponement of the first decision until the tenth period led to slightly lower migration in the
first decision-making period (the tenth period in real time). The numbers of migrating agents
in periods ten to fifteen were seventy-nine, twenty-three, nine, one, and none. It is interesting
that in the first decision-making period so many black agents moved to Region C that the
wage in Region A rose to 4.098, the highest wage level for all regions. The reason may be the
joint movement of socially tied agents. Agents may have followed some of the socially
valuable agents that had moved when the wage advantage of Region C was important. Stable
state wages are slightly different in the three regions for ten-period postponement.
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postponed for

0 periods

wA = 3.731 wB = 3.731 wC = 3.731

10 periods

wA = 3.731 wB = 3.787 wC = 3.694

FIGURE 8 Model with social needs – stable state in case of P = 0 (top) and P = 10 (bottom)

Source: own calculations
Figure 8 also clearly shows that creation of social ties in initial periods changes structure of
migrating agents and also clustering of the agents in receiving as well as sending region.
When social ties exist, agents with small number of neighbors (i.e. less socially tied) are more
likely to move to another region therefore agents remaining in the sending region are those
involved in clusters. K-means cluster analysis shows decreasing within cluster sum of squares
from 282.86 to 270.29 when P is increased from 0 to 10 for Region A indicating that agents
are more clustered when social ties were built up in initial periods. At the same time agents
migrating to another region prefer location nearby their neighbors from sending region and
therefore clusters are more likely to emerge in the receiving region as well (see Figure 8).
Similarly, we observe more clustered pattern when coefficient β increases (this was again
verified by K-means cluster analysis that showed lower within cluster sum of squares for
higher sensitivity to social variable).
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FIGURE 9 Model with social needs – wage levels in stable state for different betas and
postponement 0 and 10 periods

Source: own calculations
For identical values of coefficient β , a higher variation in wages appears when the first
decision is postponed (see Figure 9). Postponement enables agents to establish social ties.
Hence, agents in whose Moore neighborhood other agents are present are less motivated to
move to a region with high wages. In case of movement, the contribution of socially valuable
neighbors would be lost.
FIGURE 10 Model with social needs – T = 3.5, P = 10

Source: own calculations
Let us now discuss an identical simulation with threshold T = 3.5 and postponement P = 10.
Migration flows intensified: 158 moves were made in comparison with 112 in the case of zero
threshold. In the stable state, the highest wage level was achieved in Region A, whereas
without threshold the highest wage was in Region B. (This is not a rule for all initial states.)
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FIGURE 11 Model with social needs – wages in stable state for different betas, T=3.5, P=10

Source: own calculations
Figure 11 shows simulations with threshold 3. 5 for ten-period postponement. Maximum
wage difference is achieved for β = 1 . Wages are wA = 3.521 , wB = 3.731 , and wC = 3.807 .
Compared to the zero-threshold case ( wA = 1.865 , wB = 3.731 , and wC = 5.597 for β = 1 ),
the existence of threshold leads to significant wage equalization. The higher the threshold T
the greater is the wage equivalence.
FIGURE 12 Model with social needs – number of moves needed to achieve stable state for
different betas, P = 10; T = 0 and T = 3.5
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Source: own calculations
It is also intriguing to observe the number of moves needed to achieve a stable state. In the
case of zero postponement, agents reach a stable state after one period for both T = 0 and
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T = 3.5 . In case of ten-period postponement, it takes usually more than two periods to find a

stable state, and for T = 3.5 and for β equal to 0.9 and 1, the stable state was not achieved
even after 500 periods. Figure 12 shows the number of moves needed to reach a stable state
for a ten-period postponement.
b) Safety and Social Needs Included
Let us now discuss the model in which both safety and social needs are active. Wage
parameters are again set to WA = 250 , WB = 500 , and WC = 750 , and coefficients α = 0.3 and
β = 0.3. The speed of establishment of social ties σ is equal to 0.1, threshold T = 0 and
postponement P = 10. (see Figure 13).
FIGURE 13 Model with safety and social needs – P = 10, T = 0

Source: own calculations
When decision making was postponed until the tenth period, only eight agents migrated,
followed by one, one, three and five agents in subsequent periods. Then the system reached a
stable state with zero migration. The wage level in Region B remained unchanged. We can
see that the combination of social ties created within the first ten periods and safety needs
leads to some kind of "conservatism"; that is, agents are less mobile and less willing to leave
their home region. Agents from the region with the lowest wage moved to the region with the
highest.
For threshold T = 3.5 and P = 10 (Figure 14), the same intriguing situation occurred that we
observed in Figure 12. Here again, a stable state was not reached even for 1000 periods
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elapsed.23 Wages stabilized at the same level as in the model with safety needs and T = 3.5 ,
but they were less equalized than in the model with social needs and T = 3. 5 .
FIGURE 14 Model with safety and social needs – P = 10, T = 3.5

Source: own calculations
III.6.

Conclusions

The literature on migration often mentions the social aspects of life as highly influential as
concerns migration decision making. The social costs of movement––and, on the other hand,
the benefits of supportive ethnic clusters at the destination––are frequently noted. There are
many studies dealing with social networks at the destination, but the social costs of migration
are rarely included in analyses. Our approach permitted us to examine the impact of social ties
on migration flows.
Furthermore, our model reflects a fact known and recognized by psychologists but scarcely
reflected in economics: there is a general human preference for a known, familiar, and
predictable environment. In the case of migration, we can express this psychological
phenomenon as a general preference for living in one’s native country versus a life abroad.
In comparison with other migration models, we are able to explicitly work with a preference
for the known, familiar environment, and an appreciation of the proximity of friends, family,
and other socially tied individuals. These factors are, in the majority of models, hidden under
the all-inclusive term "barriers." In fact, to understand the real factors influencing migration
would no doubt be crucial in formulating policy measures aimed at migration.

23

Migration flows settled on two agents making their moves in each period.
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Our model leads to the following conclusions:
If agents include safety and social needs into their decision making, then wages in all regions
either exceed the minimum physiological threshold or are equalized in a stable state.
•

If agents include safety needs into their decision making, then wages may remain
unequalled in a stable state.

•

If agents include social needs into their decision making, then wages may remain
unequalled in a stable state.

•

The more important social and safety needs are, the lower the convergence of wage
levels due to migration.

In the real world, this would mean that:
•

People should move from countries where wages are below the physiological
threshold.

•

If people appreciate living in their home country compared with a foreign country, and
if their income there is higher than the physiological minimum, then migration flows
might stop even if wage differentials between states (regions) exist.

•

If people appreciate the proximity of those they know well, and if their income is
higher than the physiological minimum, then migration flows might stop even if wage
differentials between states (regions) exist.

The implications for real-world economies are quite apparent. First, if countries provide
social-security benefits above the physiological threshold, people also take into account other
than economic factors in their decision making. Hence, people are less mobile, and are less
willing to move from a current location due to economic reasons.
Second, real migration flows depend on individual valuations of social ties and safety. These
features might be largely determined by cultural habits and customs. Therefore, identical
wage differences might induce different migration flows in various regions.
Third, wage differences may persist even though no barriers to migration exist. The way to
induce labor mobility then lies in the reduction of native-country preference through, for
example, language education or closer international social ties.
The model also shows tendency to form clusters of socially tied individuals in both sending as
well as receiving region when social needs are added and sufficiently strong.
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The model offers many ways for further use and many possible refinements. First, the finding
of real-world coefficients for the model could be a demanding but worthwhile task. The initial
distribution might be enriched by predefined social ties (substituting family relations), and, at
the same time, some percentage share of agents might be placed in other than the home
region, simulating already-existing ethnic clusters. Another possible improvement is the
identification of each particular agent that would allow us to observe how agents in socially
tied groups react and behave. The utility function could reflect the fact that people often
assess their satisfaction based on the change rather than the level of their utility. Finally, the
implementation of some kind of dynamic element in the developing economies could further
enrich our knowledge.
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III.8.

Appendix 1: List of mathematical symbols

ER

expected net return to migration

Ed

probability of employment at the destination region

Eh

probability of being employed in the region of origin

Yd

income in the event of employment in the destination region

Yh

income in the case of employment in the region of origin

C

costs of migration

P

number of periods for which the first decision is postponed

i

region

t

time

wit

wage level in region i at time t

Wi

predefined wage parameter

nit

number of agents present in region i at time t

utj

utility of agent j ate time t

α

sensitivity to safety needs

bj

benefit from living in the home region

σ

speed of the establishment and the abandonment of social ties between the agents

β

sensitivity to the social variable

T

physiological threshold value of wage

τj

number of periods agent j spent abroad

stjk

social value of agent k for agent j
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IV.

IV.1.

Diffusion of innovations on complex networks

Introduction

Fast growth of the standard of living and production over the last decades can be to a large
extent attributed to the continual flow of innovations – new products and technologies used by
companies as well as consumers. Macroeconomic growth models often implicitly assume that
after a new superior technology or product is invented it starts to be used by the economic
agents immediately (e.g. Barro, Sala-i-Martin (2003)). In reality the process of innovation
diffusion can take years and even decades (it took 200 years until citrus fruit as a scurvy
prevention was adopted (Rogers (1962)), and eventually end by the adoption of inefficient
technology or fail completely (non diffusion of the Dvorak keyboard is among the most
popular examples).
Researchers have soon acknowledged that the contribution of innovations to economic growth
and welfare is largely determined by the speed and degree to which they propagate through
societal system. Diffusion is therefore integral part of the innovation process consisting of
invention of new idea and subsequent introduction to practice (commercialization).
Early debate on the diffusion of innovations dates back to 1950s and 1960s when Rural
Sociology and other journals published series of papers about adoption of hybrid-corn in the
United States. Ryan and Gross (1943), Griliches (1957, 1960) and others identified basic
features of the adoption process later observed for many other types of innovations and
diffusion processes. Griliches described typical S-shaped pattern in the data and estimated
three parameters of the logistic function: origin, slope and ceiling for empirically collected
observations.
There are two basic questions that concern researchers in connection with innovation
diffusion. (1) Which factors affect speed of diffusion (slope of S-curve)? (2) What determines
final share of the innovation on the market (ceilings at which the adoption S-curve
asymptotes)? Hall (2004) divided these factors into four groups:
•

those that affect benefits from adoption

•

those that affect costs of adoption
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•

those related to the industry or social environment

•

those related to uncertainty and information problems

Benefits from adoption stem from the superiority of the innovation itself. However, particular
innovation is differently suited for different users and henceforth, the same innovation can
bring different benefits to different adopters. Furthermore, benefits from adoption often
change as the number of users of the innovation increases (Tellis et al. (2002)). Services
provided to support the innovation are better available as well as more developed market for
peripheral goods; more improvements of the technology emerge with more people using the
innovation; many new technologies and products are used in interaction with other users
(communication technologies, software etc.) and therefore the usefulness of the technology or
product for particular consumer is conditioned by the adoption of other users. Learning by
doing occurs during the diffusion process and leads to higher efficiency of the use of the
innovation (Arrow (1962), Rosenberg (1986)), with more experience with the interaction of
innovation and its users and environment the innovation is gradually adapted to suit users and
be more adjusted to the conditions in which it is used. Benefits from innovation are generally
distributed in time and have increasing tendency due to factors mentioned above.
Costs connected with the adoption are usually incurred immediately after the adoption and
have one-shot character. They involve costs of acquisition of the innovation and necessary
complementary investments. Costs connected with learning and organizational changes
necessary to take the advantage of the innovation can be substantial (for evidence for IT
investments see e.g. Brynjolfsson (2000)).
Structure of the producing as well as adopting sector influences diffusion process in a
following way: monopolistic producers are often strong enough to set technological standards
and stimulate adoption process whereas oligopolistic markets often experience below cost
pricing which leads to faster diffusion as well. We can observe faster diffusion in industries
with higher concentration because firms can more easily pass adoption costs on their
consumers implying faster adoption process than observed on highly competitive markets.
As concerns regulatory environment, it can slow down as well as speed up the process of
innovation diffusion depending on the attitude of regulating authority towards the new
technology standards. Typical example how regulatory bodies can increase speed of the
diffusion is ban on incandescent light bulbs in the EU and consecutive switch to energy-
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saving bulbs. Conversely diffusion is often slowed down by non-activity in mandating certain
technological standards.
Social environment seems to be crucial for acceptance of new technologies, products and
ideas. Not only are some societies and cultures more welcoming to innovative ideas and
newness in general, but close social environment seems to be very powerful in determining
adoption decisions of individuals (see e.g. Bikhchandani et al. (1998) on fads and fashion
phenomena or Rogers (1962)).
Finally, uncertainty and information availability are of a great importance. Adoption can be
realized only if a potential adopter is informed about the existence and availability of the
innovation. Furthermore, the decision about (non)adoption is made under conditions of scarce
information about innovation characteristics, its potential benefits and costs, decision-making
of boundedly rational individuals with imperfect information can be biased by the fact that
most costs are incurred immediately (and therefore much easier to assess) whereas potential
benefits are distributed in time (and therefore much difficult to evaluate).
IV.2.

Innovation diffusion - different perspectives

Early empirical studies on innovation diffusion stimulated further research carried out mostly
by economists, sociologists, network theorists and marketing specialists. Using different
frameworks, perspectives and methods they emphasize various aspects of the diffusion
process24.
Sociological literature focuses mainly on the influence of society and social environment on
the diffusion process. One of the most cited books focused on the diffusion process written by
Everett Rogers is Diffusion of Innovations published in 1962. Rogers defines diffusion as a
special type of communication, in which the messages are concerned with a new idea that
inherently involves some degree of uncertainty. Therefore, trialability and observability are
seen as important aspects affecting decision-making of potential adopters. A benefit potential
adopter receives from innovation depends on the relative advantage of the innovation and its
complexity (that both reflect costs connected with adoption). Compatibility of the new idea
with norms and values of the society is stressed as an important factor influencing speed of

24

Diffusion-like equations based on physical processes are also often used as a representation of social
phenomena such as opinion dynamics (see e.g.Ben-Naim (2005), Comincioli et al. (2009)) or innovation
diffusion (Boon, Lutsko (2007)).
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diffusion. Rogers’ definition of the diffusion as the process by which an innovation is
communicated through certain channels over time among the members of the society
accentuates diversity of ways through which the information about new products or
technologies is disseminated in the society. Information transmitted through mass media
channels generally affects more potential adopters but its effectiveness in persuading
individuals to adopt an innovation is much lower than interpersonal (or word-of-mouth)
communication. According to Rogers “... the heart of the diffusion process is the modeling
and imitation by potential adopters of their networks partners who have adopted previously”
(Rogers, 1962, pp. 18). Sociologists and social psychologists stress the importance of
adopter’s attributes such as beliefs, education, social status etc. and the influence of social
structure on diffusion processes (see e.g. Granovetter, Soong (1986) for discussion of
bandwagon effect on consumer demand). Interest in the figure of innovator is reflected also
by in-depth examination of individual’s decision-making process. Based on field studies of
the diffusion of various innovations (e.g. water boiling in Peruvian village) five key stages of
the decision-making were identified: awareness or knowledge (about the existence of the
innovation), persuasion (interest in the innovation), trial (testing of the innovation on a small
scale), adoption (decision to adopt new product, technology or idea) and finally confirmation
(reinforcement of the decision to adopt that can lead to rejection of the innovation if the
expectations are not fulfilled) (Rogers (1962)).
Economics sees diffusion as a result of rational cost benefit analysis. Prominent role of
economic factors in innovation diffusion is supported by empirical studies of many diffusion
events in history (hybrid corn in the U.S., household appliances, ATM machines etc.) (see e.g.
Hall (2004)). First theoretical models of the innovation diffusion were derived using classical
assumptions of perfect mixing, full information and perfectly rational agents comparing
benefits from adoption with benefits from adherence to the old technology or product taking
into account costs connected with the change. In contrast to many other problems studied by
economists, innovation diffusion is necessarily examined as a dynamic process with path
dependence being one of the crucial concepts (Liebowitz, Margolis (1995), David (1985),
Arthur (1994)). Competition between alternatives has evolutionary character and “historical
small events” become crucial for the final dominant position of the innovation on the market.
One of the empirical observations that have intrigued economists for decades is the existence
of so-called lock-ins; situations in which less efficient technology or product prevails on the
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markets (see David (1985) for the most famous description of such lock-in outcome,
QWERTY keyboard).
Using simple model of innovation diffusion Arthur (1989) shows that economy can end up
locked-in if the assumption of increasing returns to adoption is used (the more people have
adopted the higher are returns from adoption for following adopters). As noted above
increasing returns to adoption can be justified on the grounds of learning by using, technical
coordination or the existence of positive network externalities. In Arthur (1989), Katz and
Shapiro (1986), Roedenbeck, Nothnagel (2008) and others network externalities are seen as
global, adoption of each member of the society influences returns from adoption of all other
potential adopters. Models with global externalities often result in total standardization which
does not fully correspond to empirical observations where partial standardization often
prevails. Partial standardization outcome can be observed when the assumption of global
externalities is replaced or accompanied with local externalities (Cowan, Cowan (1998)).
Interacting agents’ literature provides comprehensive investigation of diffusion outcomes with
local externalities with local structure being very often modeled using networks (Cowan,
Jonard (1999), Janssen, Jager (2002), Midgley et al. (1992)).
Heterogeneity of products in real markets raises further interesting questions about social
optimality of standardization (prevalence of one technology) and compatibility of products in
the environment characterized by network externalities and firms’ incentives to engage in
development of (non)standardized or (non)compatible products (Katz and Shapiro (1986)).
Katz and Shapiro (1983) show that firms with larger networks and good reputation are less
prone to produce compatible products than firms with smaller networks and weaker
reputation.
As David (1985) points out if decision-making about adoption by individual agents is done in
a forward-looking way (rather than myopically taking into account only current state of
affairs) expectations of economic agents become essential. Assumption about expectation
formation thus inevitably affects outcomes of the diffusion process with perfect foresight
inducing slower diffusion compared to the myopic decision-making (currently observed price
is expected to hold forever) (Rosenberg (1976)). Ireland and Stoneman (1986) conclude that
slower diffusion speed is welfare optimizing solution for perfect foresight and competitive
supply market.
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IV.3.

The Model of the Diffusion

Models of innovation diffusion generally incorporate either potential adopter’s heterogeneity
or learning or both these assumptions to explain S-shaped adoption curve observed by
empirical studies. In our model we incorporate both heterogeneous potential adopters as well
as adopter’s learning.
Agent’s heterogeneity in our model stems from two sources (1) each agent perceives different
suitability of the innovation implying different benefits from adoption for different agents; (2)
each agent is part of a social network with unique position in the network which implies
different influence of agent’s neighborhood on her decision-making about innovation
adoption.
We assume that agents are boundedly rational and myopic. Their decisions are based on
current state of affairs; they are not able to anticipate future development of the system. Their
ability to receive information is restricted (Simon (1957)) and the canals through which they
can obtain information are limited. In many models only word-of-mouth communication is
assumed to be source of information about the innovation. This assumption has been widely
used in models closely related to epidemic literature that study spreading and determinants of
infections in specific population. First epidemiological SIS and SIR models from 1930s
(Kermack a McKendrick (1927); Bailey (1957); Anderson a May (1992)) and their refined
and extended versions (Anderson (1988), Grenfell et al. (2001), Hethcote, Yorke (1984),
Keeling (1997)) share one common drawback – assumption about random mixing. In the real
world individuals do not interact with other individuals with the same probability. They are in
direct contact with only limited number of individuals and the interaction has very often
repeated manner. The same objection can be raised against models of innovation diffusion
that assume adopter’s learning based on epidemiological literature and use random mixing. If
learning occurs on the word-of-mouth basis (direct contact between potential adopter and
adopter is necessary for the transmission of the information to take place) then structure of
interactions between individuals must be taken into account. The importance of word-ofmouth communication for the diffusion process was acknowledged e.g. by Garber et al.
(2004) who have shown that success of the innovation can be predicted from early sales data
using the information about spatial characteristics of the sales. Garber’s approach is based on
the assumption that the driving force of the diffusion of new successful products is word-ofmouth communication that is generally conditioned by physical proximity of the adopters. By
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observing spatial distribution of sales (together with temporal dimension) the authors
correctly predicted new product success for 14 of 16 product introductions.
In the following section we describe how our boundedly rational agents decide about adoption
of innovation and the structure of the network through which information is transmitted.
IV.3.1. The Agents

We follow Delre et al. (2006) using following decision-making procedure: Agent i adopts the
innovation j if the individual utility from adoption exceeds certain threshold level:
U i , j ≥ U i , j , MIN

(1)

U i , j , MIN specifies minimum level of satisfaction agent i requires to adopt the innovation j. It
follows uniform distribution [0,1] and can be also described as aspiration level of the
individual. Heterogeneity in required utility is thus incorporated into the model.
Individual utility U i , j is defined as a weighted utility of individual preference and social
influence:
U i , j = β i , j xi , j + (1 − β i , j ) yi , j

Parameter β i , j expresses the strength of social influence in the agent’s decision making and
xi , j and yi , j are defined using following threshold functions:
⎧ q ≥ pi ⇒ 1
yi , j ⎨ j
⎩otherwise ⇒ 0
⎧ a ≥ hi , j ⇒ 1
xi , j ⎨ i , j
⎩otherwise ⇒ 0
Individual preference yi , j reflects suitability of given product or technology for individual
agent and can be also interpreted as willingness to use new technologies and products with
some individuals being more innovative, others being less willing to accept innovative
products and technologies (Rogers (1962)). The assumption about heterogeneity of agents in
their “natural inclination” or “inherent value of technology” is quite common in diffusion
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literature (Cowan, Cowan (1998), Arthur (1989), Roedenbeck et al. (2008) etc.). Individual
preference pi of agent i is uniformly distributed between 0 and 1. Quality of the product q j is
neutral to agents’ preferences and equal 0.5 for all products. As a consequence individual
preference is equally likely to be assigned 0 or 1.
Social component of agent’s i personal network is equal to 1 if ai , j (the percentage of agent’s
neighbors that adopted product j) exceeds exposure threshold hi , j . Exposure threshold is
normally distributed with default values N ∼ ( 0.3,0.01) .
The use of threshold models has long tradition in investigation of social phenomena such as
collective or group behavior (Granovetter (1978)). Individuals making binary decisions (in
our case adopt vs. non-adopt) in fact decide whether to be involved in group behavior or not.
If the group pressure exceeds certain threshold individual decides to adopt group behavior.
Threshold models introduce positive feedback mechanism into the model and are able to
explain certain interesting patterns in macro behavior. In our model we apply the threshold
mechanism within local neighborhood (e.g. Schelling (1978)) that better reflects bounded
rationality of individual decision makers.
In case there are more innovations competing on the market the agent follows procedure
described in Eq. (1) for both of them. Three situations can occur (1) none of the products
exceeds minimum level of satisfaction, in that case no product is adopted; (2) only one of the
products exceeds minimum level of satisfaction, in that case the product that satisfies Eq. (1)
is adopted; (3) both innovations exceed minimum level of satisfaction, in that case agent
compares U i , A with U i , B and chooses innovation with higher utility level.
IV.3.2. Social network

Empirical studies on consumer behavior revealed that consumers are involved in different
kinds of relationships for different kinds of products (Bearden, Etzel (1982)). Because these
relationships between individual consumers seem to be extremely relevant for micro-level
decision-making about innovation adoption (Rogers (1962)) the examination of the impact of
the topological characteristics of these structures in the society as a whole seem to be highly
relevant for the discussion about innovation diffusion.
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In our model consumers are represented by nodes of the network and relations between them
by links. The existence of a link between two consumers means that these two consumers do
communicate with each other and at the same time each of them is socially influenced by the
other. We investigate how the unique set of relationships between consumers (network
topology) influences innovation diffusion process as well as final market penetration of the
market.
The topology of the network influences innovation diffusion process in two ways. First, when
information is passed from one node to another in the network, we can observe that networks
with different topologies embody different speed of information spreading. Second, different
clustering characteristics of the network topologies create different conditions as concerns
social pressure for innovation adoption. Based on the bulk of network literature we decided to
use five network topologies in our paper: random network, two dimensional (2D) regular
lattice, ring topology, small-world and scale free network.
Random networks were first network topology used to simulate structured markets and
represent principle of random mixing in society when relations between individuals are
completely random. They are characterized by relatively rapid information spreading within
the network and no clustering among agents (see e.g. Plouraboue (1998) for diffusion model
with random networks).
Attempts to embody more realistic assumptions about social networks led to introduction of
regular networks (ring and 2D lattice) into the sociological and economic literature (e.g. Eshel
at al. (1998)). Regular networks embody highly local structure with each agent being
connected to the same number of her nearest neighbors. Resulting network structure with
overlapping neighborhoods is typical by high clustering coefficient and slow information
propagation through the network in case of ring network and not overlapping neighborhoods
in case of two dimensional regular lattice.
Since Milgram’s (1967) experiment it was clear that real social networks exhibit not only high
clustering but also high information spreading velocity and none of the above mentioned
topologies fulfill both these attributes. Watts, Strogatz (1998) and others have empirically
confirmed the relevance of these empirical findings for many natural and social systems and
their rewiring procedure applied on regular network is most often used approach to create
network with small-world characteristics. We use Watts, Strogatz (1998) small-world
formation procedure with rewiring probability 0.01.
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Finally, networks with highly connected and hence highly influential individuals have been
observed under many circumstances: cellular metabolism and protein regulatory networks,
network of Hollywood movie actors, citation networks or the world-wide-web network
(Barabási and Bonabeau (2003)). These highly influential individuals (often professionals or
VIPs) are then crucial for innovation diffusion. Rogers (1962) points out that very often early
adopters are characterized by many connections. Scale-free topology is characteristic by the
power law distribution of links, i.e. the probability for each node of having n links decays as a
power law ( P( n ) ∼ n − λ with 2 ≤ λ ≤ 3 ). There exist few highly connected individuals (hubs)
together with a large number of individuals with only a very few connections (Barabási,
Albert (1999)). We use scale free network created by the preferential attachment process.
Nodes are sequentially added to the network and attached to already existing nodes with
probability proportional to the number of links that these nodes already have.
Average degree of all networks (average number of nodes directly connected to a node) is
equal to 4 for all discussed networks.
IV.3.3. The Marketing Strategies

The process of the diffusion can be commenced in two ways. First, company introducing the
product on the market can use mass media campaign. With probability e2 an agent becomes
aware of the existence of the innovation and is involved in the decision-making about
adoption. The agents start considering adoption of the new product if either at least one of
their neighbors has already adopted the product or if they become aware of the existence of
the innovation from the mass media campaign. Second way of launching a product into the
population is seeding procedure: donation of given product to certain percentage of potential
adopters (e1) at the beginning of the simulation run. These initial adopters then spread
information about the product to their neighbors through word-of-mouth communication
(WOM). Their neighbors in the next step decide about adoption of the innovation using
procedure described by Eq. (1). In this way diffusion process continues until stable state is
reached in which no other potential adopters are interested in adoption or are not informed
about the existence of the innovation. The diffusion process can be re-established only by
another seeding or mass media campaign.
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IV.4.

Simulation experiments and results

In our simulations we used two launching strategies: mass media campaign and seeding
procedure. Our main concern was whether and how different structures of interactions among
individuals influence outcomes of the diffusion process as concerns the process itself as well
as final market penetration. If not mentioned otherwise all results are based on 20 runs for
each parameter setup (for precise specification of simulation setups see Appendix).
IV.4.1. Mass media campaign

First, we will discuss situation when mass media campaign is chosen as a launching strategy
(e2 = 0.001) and only one innovation is introduced to the market (individuals choose only
among two options: to adopt the innovation or not).
To accentuate the role of the social environment we have chosen market with strong social
influence expressed by high social preference coefficient β i , j = N ∼ ( 0.9, 0.01) and exposure
threshold hi , j = N (0.3,0.01) . Agents are heterogeneous in their preferences but on average
their decision is strongly influenced by the decisions of their neighbors.
FIGURE 1 Diffusion curves for different network topologies

Source: own calculations
Figure 1 shows significant differences in the diffusion process for the five examined
topologies. Despite the common S-shape pattern random and scale-free topologies move
towards their ceiling market penetration much faster exceeding 90 % market penetration
within less than 50 periods. Scale free topology is a favorable environment for the innovation
diffusion because hubs are informed about the existence of an innovation very soon and once
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hubs adopt the rest of the network is informed very easily. Taking random and ring network
as two extreme cases of small world network with rewiring probabilities 1 and 0 we can
conclude that increasing rewiring probability (more randomness in the network topology)
accelerates diffusion process. Having completely clustered network leads to slow diffusion
because only direct and close neighbors are informed about the existence of an innovation.
With more randomness in the network, the information about the existence of an innovation
spreads through the rewired links (shortcuts) that bring the information to more distant parts
of the network and the diffusion process accelerates. Ring and lattice topologies are very
similar in most of the network characteristics except the overlapping of their neighborhoods.
Whereas ring has clustering coefficient ¾, 2D lattice is characterized by non-overlapping
neighborhood with clustering coefficient equal to 0. We can observe that in initial stages of
the diffusion process the innovation propagates more quickly through ring network being
overtaken by the 2D lattice in the later stages of the diffusion.
Many empirical studies conclude that different markets are characterized with different social
susceptibility of the participants. Fashionable markets are typically highly socially susceptible
with people being strongly influenced by their peers (e.g. brown good markets) whereas some
others are characterized by lower social influence (e.g. white good markets). The question
arises to what extent and in which way diffusion on markets with different topologies is
influenced by the social susceptibility of market participants.
To answer the question we run set of experiments with different β coefficients on five
different topologies. Figure 2 depicts number of adopters in each simulation step for β
coefficients equal to 1, 0.8, 0.6 and 0.4. We can see that the underlying structure of the
network crucially influences diffusion patterns with higher social susceptibility causing shift
of the peak of the number of adopters to later periods and more pronounced adoption peak for
2D lattice, small world and ring networks. The impact of the network structure is clearly
visible; networks with more regular distribution of links (2D lattice, ring, small world)
experience very similar adoption curves. Random and scale free networks show very high
peaks in the adoption curves being postponed to later periods for more socially susceptible
markets.
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FIGURE 2 Number of adopters for β equal to 1, 0.8, 0.6 and 0.4

Source: own calculations
Real markets very often experience almost simultaneous introduction of more innovations
competing for the favor of potential adopters (e.g. beta vs. VHS videotape formats). In the
following part we investigate how can structure of interactions among potential adopters
influence final market penetration of the competing innovations. We assume two competing
innovations that were at the same time introduced to the market with mass media campaign
(e2 = 0.001 for both technologies). Figure 3 shows difference in market penetration between
innovation 1 and 2 (in absolute terms) for five network topologies. We can see that networks
with high regularity in network structure (ring, 2D lattice and small world) exhibit low
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difference in market shares; final shares of both technologies range approximately around
fifty percent of the market.
FIGURE 3 Difference in market shares for two competing technologies and different network
topologies

Source: own calculations
Average difference between market shares of the first and second innovation is 56 percentage
point for scale free network (variance 0.012) and 51 percentage points for random network
(variance 0.032). Figure 3 shows that random and scale free network exhibit very high
volatility in difference in market shares between two competing innovations. In this
simulation we increased number of simulation runs for each setting to 50 and high variance
indicates that different runs resulted in very different final market share differences and the
market is highly uncertain and the success of particular innovation is very difficult to predict.
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Initial random development has strong influence on the final outcomes of the diffusion
process.
Possible response of the company introducing the innovation competing with another new
product or technology is to increase mass media campaign intensity. The marginal effect of
additional mass media campaign on different networks is crucial for the decision-making
about such investment. In the next section we try to investigate how different markets respond
to increased mass media campaign of one of the competing innovations. We fixed mass media
campaign intensity for the second technology (e2 = 0.001) and varied mass media campaign
intensity for the first technology ranging from 0.001 to 0.02.
Figure 4 shows that intensified mass media campaign very quickly leads to the prevalence of
the first technology with the difference in market shares exceeding 90 percentage points (first
technology completely dominates the market). This 90 percentage points difference in market
shares is achieved for the mass media campaign of the first innovation equal to 0.011 in both
small world and scale free networks.
Figure 4 clearly shows that marginal effect of additional mass media campaign is strongest for
the mass media campaign increased from 0.001 to 0.002.
The outcome of the competition is relatively well predictable for the small world network.
Equal mass media campaign intensity will end up with approximately the same market shares
for both competing innovations, with increase in mass media campaign on 0.002 the company
gets around 74 percent of the market with the second competing technology having below 25
percent of the market share. Even for low difference in mass media campaign intensity the
variation in final market shares is relatively modest. Similar results were obtained for ring and
2D lattice networks.
As mentioned above, markets with scale free structure of interactions are highly volatile and
unpredictable when mass media campaign intensity is identical for both competing
innovations. However, Figure 4 shows that the influence of „historical accidents“ can be
avoided by increased intensity of mass media campaign by one of the competitors. Mass
media campaign intensified to 0.002 will increase market share of the first innovation on 86
percent and more importantly the variance declines to 0.003. Even more radical drop in
variance was observed for random network.
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Thus we can conclude that companies operating on markets with scale free or random
topologies are most motivated to invest in mass media campaign dominance.
FIGURE 4 Increased mass media campaign of the second innovation

Source: own calculations
Figure 5 supports findings of Delre et al. (2006) that the effect of market structure decreases
for more individualistic markets. With β i , j = N ∼ ( 0.5,0.01) the gap between small world and
scale free difference in market shares is lower than in the previous case. At the same time
intensification of mass media campaign has lower impact on increasing market share of the
first innovation (for the first innovation campaign intensity equal to 0.02 its share on the
market exceeds the second innovation share by less than 80 percent (compared to over 93
percent for highly socially susceptible markets)). Variance remains relatively stable with
increasing campaign intensity for small world network but decreases visibly for scale free
topology.
FIGURE 5 (experiment 8)

Source: own calculations
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IV.4.2. Seeding

The second method of launching the innovation on the market is to donate innovative
products to chosen individuals that will consecutively inform their neighbors who (based on
Eq. 1) decide whether to adopt or not. Libai et al. (2005) investigated efficiency of
concentrated vs. dispersed marketing efforts for different regions. They have found that
dispersed marketing effort is superior to concentrated marketing effort (focused only on
certain regions). We experimented with similar problem on networks with different topologies
investigating differences in efficiency of seeding procedure for groups of different sizes.
Delre (2007) distinguishes throwing gravel and throwing rocks seeding strategies. In both
cases certain share of potential adopters (e1) obtains the innovation at the beginning of the
simulation run. The diffusion process then continues based purely on word-of-mouth
communication between linked individuals. In throwing gravel case the seeds (individuals
that receive innovation at the beginning of the simulation) are chosen randomly. In case of
throwing rocks strategy the seeding procedure is focused on groups of closely connected
individuals of different sizes.
Let us first examine throwing gravel strategy with different number of individuals being
chosen as seeds (e1 ranging between 0.01 and 0.15). Delre (2007) found that for small world
network that it is necessary to select at least 8 percent of the individuals as seeds to achieve 75
percent market penetration (for β i , j = N ∼ ( 0.8, 0.01) and hi , j = N ∼ ( 0.35, 0.01) ). Figure 6
shows that for slightly more socially susceptible markets with β i , j = N ∼ ( 0.9, 0.01) and
hi , j = N ∼ ( 0.3, 0.01) only 5 percent of seeds is needed to achieve 75 percent market

penetration and 11 percent of seeds is needed to achieve above 90 percent market penetration
on small world network. Ring network does not reach 90 percent penetration even for 15
percent of individuals being seeds. The marginal effect of the additional percentage of seeds
declines more rapidly for the small world and ring than for 2D lattice network. Scale free and
random topology show very substantial marginal effect for the low seeding values and reach
90 percent penetration for e1 equal to 0.04 and 0.03.
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FIGURE 6 Market penetration and marginal effect for different number of seeds

Source: own calculations
To compare efficiency of throwing gravel vs. throwing rocks seeding strategy we decided
(based on the previous experiments) to use 60 individuals as seeds (approx. 2 percent of the
population). We examined 12 different situations ranging from one group consisting of 60
individuals to 60 groups consisting of one individual each.
Figure 7 shows final market penetration for five examined networks. Market penetration for
2D lattice peaks for the setting with 20 groups each consisting of three individuals. The
rationale behind this outcome is given by the structure of the network. Thirty groups
(consisting of 2 individuals each) are not be sufficient to pass the exposure threshold
hi , j = 0.3 whereas 20 groups (3 individuals per each) will create clusters of three neighboring
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adopters which will be in 50 percent of cases sufficient for trespassing the exposure threshold
and neighboring individuals will be likely to adopt innovation in the next step contributing to
the further diffusion.
Small world and ring networks both reach highest market penetration for 30 groups each
consisting of two neighboring individuals. Compared to 2D lattice the neighborhoods in these
networks significantly overlap. Therefore, one seed consisting of two neighboring individuals
will (for h = 0.3) result with high likelihood in one (or two) additional adoption(s). Groups
consisting of two individuals are sufficient to start diffusion in their neighborhood. Final
market penetration is relatively low because diffusion is localized in the close neighborhood
of initial seeds and more distant parts of the network are affected only scarcely.
FIGURE 7 Market penetration for throwing gravel vs. throwing rocks strategy

Source: own calculations
Random network exhibits almost total market penetration for more dispersed seeding (groups
consisting of two and one individual). Let us compare two extreme cases: 60 groups
consisting of one individual each and one large group consisting of 60 individuals to explain
this outcome. Initial seed consisting of one large group affects 60 individuals that are
interconnected but because low clustering coefficient of the random network neighbors of
these individuals are with high likelihood connected only to one of the affected individuals.
Therefore diffusion process stops relatively soon (social influence is weak). Only one part of
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the network consisting of the initial cluster of seeds is affected. The development of the
diffusion differs from the dispersed seeding because initial wave of adoption very soon stops.
For dispersed seeding initial development of the diffusion is much slower but then the
bandwagon of adopters emerges and the diffusion takes off reaching high total market
penetration after approx. 30 periods.
Scale free network exhibits very high market penetration for all group sizes with more
dispersed seeding leading to slightly higher market penetration. Interestingly, there is much
higher volatility in market penetration (based on 50 simulation runs) for fewer large groups in
scale free network. In case of one large group we can observe two scenarios of the diffusion
process. Either the diffusion takes off and market penetration reaches above 90 percent level
or the diffusion does not take off and market penetration remains very low. Decreasing
number of seeds to 30 individuals yields outcome very similar to other network types with
groups consisting of 2 individuals being the most efficient setting of marketing effort.
IV.5.

Conclusion and discussion

The set of experiments presented in this study shows that structure of the interactions among
individuals on the markets can be crucial factor affecting speed and scope of the diffusion
process. On average, higher heterogeneity in degree distribution yields faster and/or broader
diffusion (higher market penetration) of the innovation being at the same time accompanied
by much higher volatility and uncertainty as concerns diffusion outcomes.
Using different topologies of the underlying networks we have confirmed findings of other
authors that the impact of the structure of interactions is more relevant for markets with high
social influence. Vast literature on herding behavior (Banerjee (1992)), conformity, fads and
fashion (Karni, Schmeidler (1990), Bikhchandani, Hirshleifer, Welch (1992)) and group
behavior (Cowan et al. (2004)) indicate that social influence can be extremely strong on
certain markets and especially these markets are therefore most interesting for investigation of
the structure of underlying interactions.
Our experiments suggest that networks with less regular structure (higher heterogeneity in the
degree of nodes) are more uncertain as concerns diffusion outcomes. David’s “historical
accidents”25 play much more crucial role on scale free and random networks than on highly
regular small world, ring and 2D lattice networks. However, high volatility in diffusion
25

David (1985)
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process can be avoided by change in marketing effort. Dominance in marketing effort is then
rewarded by significantly increased final market share of given innovation.
Networks with highly heterogeneous structure such as scale free and random network do
exhibit very high marginal increase in final market penetration for small increase in the
number of seeds at the beginning of the diffusion process. Company introducing new product
aware of the structure of the interactions among potential adopters can thus reflect this fact in
its initial launching strategy. While achieving sufficient market penetration in 2D lattice or
ring network can require very high initial investment in the seeding, markets with scale free
network topology are much less demanding and successful introduction of the innovation can
be accomplished with much smaller initial investment. Knowledge of the underlying topology
is then crucial for adequate cost benefit analysis equating marginal cost and benefits of
additional marketing effort.
Finally, different market structures imply different optimal dispersion of marketing effort. In
this case more than in others precise knowledge of the underlying topology of the network can
importantly increase efficiency of the launching campaign. In general, golden mean seems to
be again the best solution with targeting small groups of potential adopters bringing highest
market shares.
These findings have important implications for many economic actors from managers of
innovating companies to governments trying to support economic growth. Our findings even
more emphasize necessity and urgency of empirical investigation of the topological structures
of social interactions.
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IV.7.

Appendix 1: Simulation setup

figure 1

figure 2

figure 3

figure 4

figure 5

figure 6

figure 7

Number of technologies

1

1

2

2

2

1

1

Percent of population as seeds
for the first technology (e1)

0

0

0

0

0

0.01....
....0.15

0.02

0

0

0

0

0

0

0

0.001

0.001

0.001

0.001.....
......0.02

0.001....
.....0.02

0

0

0.001

0.001

0.001

0

0

0.9

0.9

0.5

0.9

0.9

Percent of population as seeds
for the second technology (e1)
Intensity of mass media
campaign of the first
technology (e2)
Intensity of mass media
campaign of the second
technology (e2)
Parameter beta

0.9

1/0.8/
0.6/0.4

Number of groups (in case of
throwing rocks) first
technology
Number of groups (in case of
throwing rocks) second
technology
Parameter h

1......60

0.3

0.3

0.3

Number of nodes of the
network

3025

3025

3025

3025

3025

3025

3025

Number of time steps

200

200

200

200

200

200

200

Number of simulation runs

20

20

50

20

20

20

20 (50)
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IV.8.

Appendix 2: List of mathematical symbols

i

agent

j

innovation

Ui, j

utility of agent i from adoption of innovation j

U i , j , MIN

minimum level of satisfaction agent i requires to adopt the innovation j

βi, j

strength of social influence in the agent’s decision making

yi , j

suitability of given product or technology for individual agent

xi , j

social pressure

qj

quality of the product

ai , j

percentage of agent’s neighbors that adopted product j

hi , j

exposure threshold

e2

probability an agent becomes aware of the existence of the innovation

e1

percentage of potential adopters that receive product at the beginning of the
simulation run
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