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remedy this initial failure, the government re-
opened the fishery but divided the coastal area
into more than 50 sectors, assigned transferable
quotas, and required that all ships have neutral
observers onboard to record all catches (32).

Furthermore, the long-term sustainability of
rules devised at a focal SES level depends on
monitoring and enforcement as well their not
being overruled by larger government policies. The
long-term effectiveness of rules has been shown
in recent studies of forests inmultiple countries to
depend on users’ willingness to monitor one an-
other’s harvesting practices (15, 31, 33, 34). Larger-
scale governance systems may either facilitate
or destroy governance systems at a focal SES level.
The colonial powers in Africa, Asia, and Latin
America, for example, did not recognize local
resource institutions that had been developed
over centuries and imposed their own rules, which
frequently led to overuse if not destruction (3, 7, 23).

Efforts are currently under way to revise and
further develop the SES framework presented
here with the goal of establishing comparable
databases to enhance the gathering of research
findings about processes affecting the sustain-
ability of forests, pastures, coastal zones, and water
systems around the world. Research across dis-
ciplines and questions will thus cumulate more
rapidly and increase the knowledge needed to
enhance the sustainability of complex SESs.
Quantitative and qualitative data about the core

set of SES variables across resource systems are
needed to enable scholars to build and test
theoretical models of heterogeneous costs and
benefits between governments, communities, and
individuals and to lead to improved policies.
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PERSPECTIVE

Economic Networks:
The New Challenges
Frank Schweitzer,1* Giorgio Fagiolo,2 Didier Sornette,1,3 Fernando Vega-Redondo,4,5
Alessandro Vespignani,6,7 Douglas R. White8

The current economic crisis illustrates a critical need for new and fundamental understanding of the
structure and dynamics of economic networks. Economic systems are increasingly built on
interdependencies, implemented through trans-national credit and investment networks, trade relations, or
supply chains that have proven difficult to predict and control. We need, therefore, an approach that
stresses the systemic complexity of economic networks and that can be used to revise and extend
established paradigms in economic theory. This will facilitate the design of policies that reduce conflicts
between individual interests and global efficiency, as well as reduce the risk of global failure by making
economic networks more robust.

The economy, as any other complex sys-
tem, reflects a dynamic interaction of a
large number of different agents, not just

a few key players. The resulting systemic be-
havior, observable on the aggregate level, often
shows consequences that are hard to predict, as
illustrated by the current crisis, which cannot be
simply explained by the failure of a few major
agents. Thus, we need a more fundamental in-
sight into the system’s dynamics and how they

can be traced back to the structural properties
of the underlying interaction network.

Research examining economic networks has
been studied from two perspectives; one view
comes from economics and sociology; the other
originated in research on complex systems in
physics and computer science. In both, nodes
represent the different individual agents, which
can represent firms, banks, or even countries, and
where links between the nodes represent their

mutual interactions, be it trade, ownership, R&D
alliances, or credit-debt relationships. Different
agents may have different behaviors under the
same conditions and have strategic interactions
(1). These evolving interactions can be represented
by network dynamics that are bound in space and
time and can change with the environment and
coevolvewith the agents (2). Networks are formed
or devolve on the basis of the addition or deletion
of either agents or the links between them.

The socioeconomic perspective has empha-
sized understanding how the strategic behavior
of the interacting agents is influenced by—and
reciprocally shapes—relatively simple network
architectures. One common example is that of a
star-spoke network, like a very centralized or-
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Pushing Networks to the Limit
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ganization, in which a central “hub” channels all
communication among agents. In this “micro”
perspective we focus on the individual system
elements and their detailed network of rela-
tions. In contrast, for large setups, one adopts a
“macro” perspective that focuses on the statis-
tical regularities of the network as a whole. Each
approach has its advantages and disadvantages.
Previous work on the micro perspective was
strongly rooted in oversimplifying assumptions
on both the structure of the network and on
agents’ behaviors (3). For example, the micro ap-
proach may have emphasized agent incentives
in the development of informal links within firms
and may have failed to successfully predict real-
istic dynamic outcomes. The macro approach
better accounts for the large-scale system proper-
ties, but fails in linking these to the economic
motivation of individual agents (4).

In recent micro approaches, economic networks
were often viewed as the result of a network-
formation game among competing and cooper-
ating agents. In this regard, agents include firms
that collaborate in joint R&D projects (5) or
workers who share information on job oppor-
tunities (6); their links are added or deleted as
the consequence of purposeful decisions attempt-
ing to maximize their payoffs. In this context,
agents must rely on (and be able to) anticipate
what others may do (in a generally imperfect and
asymmetric manner); use information about their
environment (which may be limited); frame the
problem within some necessarily bounded time
horizon; and learn from the past, which
may create a biased experience if sim-
ilar situations are encountered later.

These considerations tended to re-
sult in a dramatically large number of
options that agents must choose from
on the basis of limited information.
The micro analysis of economic net-
works relies on game theory, which
aims at identifying Nash equilibria (i.e.,
situations that are strategically stable in
the sense that no agent has an incentive
to deviate). It can also rely on opera-
tions research, where algorithms for
searching and optimizing have been
developed. As the number of nodes
and possible links scales up, however,
such problems become very difficult
to solve, and classical approaches are
unsatisfactory.

The game-theoretic literature has
highlighted the crucial role of incen-
tives in the endogenous and induced
behavior of socioeconomic networks
(3, 7, 8). However, this micro approach
has not typically been integrated with
macro approaches that can identify the
complex systemic forces at work. With-
out this information, we cannot fully
understand important issues, such as the

conflict between individual incentives and aggre-
gate welfare, or their impact on the overall ef-
ficiency in the performance of the network at
large. Furthermore, this problem is exacerbated if
the underlying environment is subject to persistent
volatility, which may, for example, be due to the
intrinsic ephemerality of innovation (9), and if
agents are out of equilibrium, as in most real-
world situations. If this is the case, it is reasonable
to posit that agents follow simple bounded-
rational rules that are modified in light of their
experiences. However, under such conditions,
agents are unable to attain efficient configura-
tions, despite their continuous efforts to adapt to
an ever-changing situation. Additionally, even
small changes in environmental volatility can
have drastic consequences in the overall configu-
ration of the system [e.g., (Fig. 1)].

The inability of previous approaches to re-
produce statistical regularities that have been ob-
served empirically in network structures justifies
our pursuit of a complex-systems approach that
may provide predictions for large-scale networks.
These predictions are made from the testing of
stochastic rules that affect link formation and
that take into account, in addition to some sort
of randomness, the characteristic features of the
agents, such as their degree of connectivity (num-
ber of links) or their centrality, as measured on the
basis of the importance of a node—which, in
turn, can be affected by its links to other nodes.

However, the complex-systems approach pos-
tulates rules exogenously and does not explicitly

examine how these rules might be grounded
on the basis of the economic incentives of the
agents. Thus, instead of focusing on understand-
ing the endogenous behavior of individual agents,
the complex-systems approach centers on under-
standing how the network-formation rules sys-
tematically affect the emerging link structure (4).

Networks generated with different stochastic
algorithms, such as random, scale-free or small-
world networks, have been compared with real
complex networks including those in biology,
i.e., metabolic and genetic networks; infrastruc-
ture, i.e., road networks and power grids; com-
munication, i.e., internet and mobile phone; and
social interaction, i.e., collaborations (1, 2, 10).
Comparing network structures across these dif-
ferent disciplines suggests that economic net-
works may also reflect a similar universality (11).
Indeed, the connections of banks in an interbank
network (12, 13), show the fat tail, characteristic
of a scale-free system, that indicates that only a
few banks interact with many others. In this ex-
ample, banks with similar investment behavior
will cluster in the network. Similar regularities also
can be traced for many examples including the
international trade network (ITN) (14, 15) and
regional investment or ownership networks (16).

In the complex-network context, “links” are
not binary (existing or not existing), but are
weighted according to the economic interaction
under consideration [for example, in a network
of major financial institutions worldwide shown
in (Fig. 2)]. Furthermore, links represent traded

volumes, invested capital, and so on,
and their weight can change over time.
Distinguishing networks at different
levels where we consider directed or
undirected and weighted or unweighted
links helps illuminate the evolution of
their topological properties.

When the foreign direct invest-
ments (FDI) among European firms
are presented as a directed network,
power-law scaling is observed. This
scaling depends on the number of em-
ployees in both the investing and the
firm invested in, and on the number of
incoming and outgoing investments of
both firms (16) This allows single time-
point predictions about the investments
that regions will receive or make, on
the basis of the activity and connec-
tivity of their firms.

Similar structural transitions can
also be detected in the ITN. By weight-
ing a country’s centrality in terms of
the likelihood that any given additional
dollar traded in the world reaches that
country by following existing links
with a probability proportional to its
weight, the relative changes in central-
ity over time show trends for different
countries that predict divergence in
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Fig. 1. The structure and efficiency of an equilibrium network strongly
depend on the conditions under which myopic agents can form links. We
show computer simulations that assume that agents prefer to connect to
the neighbors of their neighbors that have a higher centrality, which
creates local shortcuts. Network efficiency is measured on the basis of
the aggregate centrality of agents. Environmental volatility measures the
risk that if any single agent is exposed to an exogeneous shock, it will
force the deletion of one link. If the loss of links pushes the network
efficiency down and environmental volatility up past some critical level,
the strongly homogeneous network structure will break down into a
sparse, hierarchical structure, similar to a core-periphery structure and is
accompanied with a breakdown in network efficiency.
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