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Abstract

Real-world economic systems are complex in general but can be approximated by the “open systems” approach. Economic systems are very
likely to possess the basic and advanced emergent properties (e.g., self-organized criticality, fractals, attractors) of general complex systems. The
theory of “self-organized criticality” is proposed as a major source of dynamic equilibria and complexity in economic systems. This is exemplified
in an analysis for self-organized criticality of Danish agricultural subsectors, indicated by power law distributions of the monetary production
value for the time period from 1963 to 1999. Major conclusions from the empirical part are: (1) The sectors under investigation are obviously
self-organizing and thus very likely to show a range of complex properties. (2) The characteristics of the power law distributions that were measured
might contain further information about the state or graduation of self-organization in the sector. Varying empirical results for different agricultural
sectors turned out to be consistent with the theory of self-organized criticality. (3) Fully self-organizing sectors might be economically the most
efficient. Finally, empirical implications of the results are discussed. Complexity theory should be considered as a valuable supplement to the
existing analytical toolbox.
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Because economic behavior is seen as uniquely different,
many economists are happy to continue to work within the
boundaries of modern economic theory, particularly since
game theory entered the theoretical core of economics, rather
than to attempt to rethink what they do from a complex
systems perspective. (Foster, 2004, p. 1)

1. Complexity in economic systems

Whenever a number of economic agents interact with each
other, for example, in an auction, at a stock exchange, in prod-
uct markets, in industries, or in whole economies, the overall
outcome of the interactions is difficult to understand, predict, or
influence. The greater the number of economic agents involved,
the larger their heterogeneity, the more intense their interactions
are, and the longer they last, the greater the number of side ef-
fects, feedback reactions, and unintended consequences that
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have an influence on structures and outcomes of future inter-
actions. The characteristics and interactions of the individual
agents (producers, traders, consumers, policy makers, and in-
stitutions) organize and shape over time as rather stable but
by no means static economic structures that behave according
to constantly evolving and changing rules. In terms of modern
systems theory we say that under such circumstances system
elements (economic agents in our case), their interactions, and
the forces of self-organization form a complex system. Promi-
nent economists such as Adam Smith, Thorstein Veblen, John
Commons, Alfred Marshall, Maynard Keynes, Friedrich von
Hayek, Herbert Simon, Nicholas Georgescu Roegen, Kenneth
Boulding, Oliver Williamson, Thomas Schelling, to name but a
few, have pointed this out throughout the history of economic
thought. The interested reader might refer to the works of Brian
Arthur, Paul Krugman, John Foster, John Hodgson, John Potts,
and others about the relation between complexity and economic
theory.

Complex systems are radically different from deterministic
systems approaches and also significantly different from cyber-
netic systems, because interactions between system elements
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Fig. 1. Essential characteristics of complex systems.

are playing a much more important role than their characteris-
tics. They show numerous specific characteristics of which the
most essential ones are presented in Fig. 1. Buchanan (2003,
p. 19) emphasizes:

Some of the deepest truths of the world may turn out to be
truths about organization, rather than about what kinds of
things make up the world and how those things behave as
individuals.

The Danish systems theorist Per Bak (Bak, 1997) redrew in
his book How Nature Works, the picture of how large systems
in nature as well as in human society develop over time. Later
in the book, Bak showed in collaboration with others (Bak et
al., 1993; Sheinkman & Woodford, 1994) that in economics
systems also, evidence of complexity caused by processes of
self-organization could be found. If economic systems in fact
turn out to be self-organizing, should they not have the same
general systems characteristics as all other complex systems?
What would be the consequences for the way economic systems,
their internal dynamics, and external regulation are understood
in general and particularly in applied economics? The red thread
through this article is an attempt to highlight these questions
systematically and in more detail.

In the remainder of the article, we will introduce the posi-
tion of complexity in general systems theory and the complex
nature of “open systems” (Section 2) as well as the funda-
mental mechanisms of complexity (Section 3) in a stepwise
manner. The prerequisites and indication of complexity in eco-
nomic systems will be exemplified at Danish agricultural sec-
tors (Section 4), whereas considerations of the “graduation” of
self-organized Danish agricultural sectors will be highlighted
in Section 5. In Section 6, empirical implications of complexity
for economic systems with a focus on the importance of unin-
tended side effects for self-organization will be discussed first.
Then “competition” will be suggested as the main mechanism
of self-organization in economic systems, followed by a con-
ceptual framework of a complex economic system. Finally, a

surprisingly simple explanation for the “myth” of pork cycles
will be offered. In Section 7, among other things, it will be con-
cluded that economic analytical methods based on complexity
might be more powerful and easier to perform than standard
economic methods.

2. The complex nature of “open” systems

There is no simple way to talk about complexity, because
even reductionist models of complex systems behavior, such
as Per Bak’s “sand pile model,” are rather complicated. Thus
there is also no easy way to demonstrate the potential relevance
of complex systems theory for applied economic analysis and
modeling.

2.1. Boulding’s hierarchy of systems

Complex systems do not only include the characteristics of
simpler system classes, but also characteristics of higher orga-
nization that clearly differentiate complex systems from non-
complex systems (Table 1). In Kenneth Boulding’s famous hier-
archy of systems (Boulding, 1956), complexity starts to appear
on the level of “open” systems (fourth level out of 9). For a
contemporary in-depth discussion of the systems characteris-
tics associated with the different levels of Boulding’s hierarchy,
see, among others, Hatch (1997). This is an important fact to
start with, because the “open” systems level that covers the type
of complexity we nowadays deal with is still very much below
the systems level of “social organization” that would allow us
to directly conceptualize economic systems.

Most of modern economic theory is based on the idea of
second-level “clockwork” systems (Table 1) with some exten-
sions (e.g., game theory and agency theory) to third-level “con-
trol” systems (Table 1), which is the realm of modern manage-
ment theory. Recent developments in institutional economics,
evolutionary economics, and particularly in organization theory
are beginning to conceptualize and research economic and other
social systems with fourth-level “open” systems approaches
(Table 1).

Nevertheless, we should be aware of the fact that even the
most ambitious projects in complex systems theory cannot be
expected to result in any more than a rough estimate of “social
organizations” (Table 1) of any kind.

2.2. Fundamental structures: basic properties of complex
systems

Systems theorists (e.g., Mandelbrot, Bak, Axelrod, Watts,
Scott, Strogatz) agree that complex systems, no matter whether
they are of physical, biological, economic, cultural, or any other
origin, have typical basic characteristics:

• Complex systems are open in the sense that they con-
stantly exchange energy, matter, and information with other
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Table 1
Boulding’s hierarchy of systems

Level Name Characteristics Examples

1 Framework Labels and terminology; classification systems Anatomies, geographies, indexes, catalogs
2 Clockwork Cyclical events; simple with regular/regulated motions;

static equilibria or states of balance
Solar system, simple machines, equilibrium systems of

economics
3 Control Self-control; feedback; transmission of information Thermostat, homestatsis, auto pilot, management and

organizational concepts, models in evolutionary
economics and game theory

4 Open Self-organization; self-maintenance; exchange of matter
and energy with other systems; reproduction;
complexity

Cell, river, flame, high-tech machinery, eco-system
models, concepts of complex adaptive systems,
autopoiesis

5 Genetic Division of labor (cells); differentiated and mutually
dependent parts; growth follows “blue-print”

Plant

6 Animal Mobility; self-awareness; specialized sensory receptors;
highly developed nervous system; knowledge
structures (image)

Dog, cat, elephant, whale, or dolphin

7 Human Self-consciousness; capacity to produce, absorb, and
interpret symbols; sense of passing time

You, me

8 Social organization Value systems; meaning Businesses, institutions, social structures, governments
9 Transcendental Inescapable unknowables Metaphysics, aesthetics

Source: Boulding (1956), Hatch (1997), own modifications.

systems. They are dissipative structures that produce order
and because of this they can exist far away from equilibria.

• Either the number of system elements is large or the variety
of relations is high. Even a system of two elements can
show complex behavior if the elements are complex systems
themselves, as is the case with human beings.

• Due to their characteristic “openness,” the boundaries of
complex systems are difficult to determine. If we talk
about “firms,” “markets,” “industries,” “sectors,” “supply
chains,” “regions,” and the like as systems, we always have
to set boundaries and make decisions about what to include
in a particular system and what not to. To a certain extent the
delimitation of any system is an issue of human perception
and purpose.

• The relationships of system elements are short ranged.
Thus, neighborhood relations rather than total connectiv-
ity of system elements constitute complex systems.

• The relationships among the system elements contain neg-
ative and positive feedback loops. Positive feedback is re-
garded as being a particularly important feature of structural
development.

• The relationships among the system elements, as well as
between the system and other systems are nonlinear. Small
causes can result in large effects and vice versa, the size
of a cause and the size of an effect may be completely
uncorrelated.

• Complex systems have a history and their further devel-
opment is highly sensitive to the state they are in. Even
the smallest changes can result in large deviations of future
states from those in the past or present.

• Complex systems are nested (embedded) and develop hier-
archies of system levels, also called “hyperstructures.” For
example, buyers and sellers form markets and markets form

economies, whereas the buyers and sellers themselves can
be people or organizations formed by people.

2.3. “Self-organization” as the driving force of complex
system dynamics

The driving force—and mostly hidden property—of com-
plex systems is “self-organization,” which is the major cause
of complexity. Systems develop as a consequence of self-
organization into certain structures without—or even despite—
external influence. The forces that constrain and shape the
structural development are internal to those systems, and self-
organization appears in all types of systems with certain net-
work characteristics—it is as universal as the law of nature.

Self-organization is the result of side effects stemming from
the interaction of system components. In the case of human
interaction, intended and unintended side effects trigger self-
organization, for example, in a free market, where earlier or
later “competition” occurs as a new systems quality. Thus, the
“market” is constantly evolving and changing its shape and
structure due to internal dynamics and not only due to external
impulses as would be the case in “control” or “clockwork”
systems. This insight poses the interesting question of the real
impact of politics on economic systems and how mechanisms
of self-organization could be taken into account for the design
of more efficient policies.

The functioning of self-organization should not be under-
stood in the way that system elements interact more or less
free of any external influences and create new structures out
of nothing. Rather the opposite is true: the embedding (nesting
or surrounding) super-system sets the restrictions under which
a system can evolve. The possibilities of self-organization are
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strictly limited—although not determined—by that. This is par-
ticularly important for economics and other areas of social sci-
ences. What, for example, governments are doing forms an
institutional super-system that sets the rules and restrictions
for development in national, sectoral, or regional economics.
Economics self-organizes within these given settings.

2.4. “Emergent properties” as the engine of system structures

The results of self-organization in a system are “emergent
properties.” Emergent properties cannot be explained by the
individual system components or their relations alone and are
new functional characteristics of a system:

1. Emergent properties only exist as long as the underlying
lower systems level of organization exists.

2. Emergent properties are the result of cause-effect chains
(also multiple causes) and are not just symbolic or sim-
plifying descriptions.

3. Emergent properties are not aggregates, that is, they are
not mere summations of system properties on a lower
organizational level.

Many, if not all, institutions in an economic system can be
interpreted as emergent properties. An institution such as a
“market” can only exist as long as buyers and sellers exist and
they (expect to) exchange goods and money. “Markets” are
causally related to the activity of buying and selling and can be
neither explained by the properties of buyers or sellers nor by
the characteristics of trade. “Competition” is also an emergent
property of market activities.

Self-organization and emergence together produce complex-
ity in an open system. In particular, the self-reference in com-
plex systems leads to a never-ending “evolution” of systems
characteristics and to the unpredictability of specific future
states of the system. At the same time, the forces of com-
plexity lead to a certain degree of order, to a relative stability
of global characteristics, and sometimes to highly predictable
global states (attractors) and phase changes (self-organized crit-
icality or SOC) of the system. For example, it is very difficult,
if not impossible to predict, in the highly complex climatic sys-
tem of our planet, the exact weather at specific locations and
at a specific point in time but the annual return of the seasons
with their unique weather patterns can be predicted with almost
100% probability.

3. The mechanism of complexity: “self-organized
criticality”

Criticality is a state of a system in which its properties can
suddenly change (threshold effect). Complex systems are said to
self-organize into a critical state of higher reactivity, go through
a phase change, “relax” into a less reactive state and then start
again to develop into a critical state, and so on. Per Bak (Bak,
1997) proposed an idealized model of a sand pile as a visual

aid to demonstrate this phenomenon that has also been empiri-
cally investigated in real-world economic systems (D’Hulst and
Rodgers, 2001; Mildenberger, 1998; Ormerod, 2002; Ormerod
and Mounfields, 2001, 2002; Ponzi and Aizawa, 2000). SOC is
generally accepted in complex systems theory nowadays, and
has shown its usefulness in many scientific and practical areas
(Bak, 1997; Jensen, 1998). One of the major claims of Bak is
that “Self-organized criticality is so far the only known general
mechanism to generate complexity” (Bak, 1997, p. 2).

3.1. Other advanced emergent properties of complex systems

Depending on the physical characteristics of a complex sys-
tem and its context, typical emergent properties on high hier-
archical levels can occur, which have a significant impact on
systems behavior.

3.1.1. Adaptation, redundancy, self-maintenance
Complex systems adapt structure and behavior to each other.

Due to redundant structures complex systems are insensitive to
damage. Highly developed systems develop the capability to
repair themselves and (beyond the “open” systems level) have
reproduction metabolisms.

3.1.2. Synchrony
There is an immanent tendency to synchronization of states

and phase changes among system components and in nested
systems (Strogatz, 2003). Synchrony is the mechanism behind
the emergence of order over time in a system. Synchrony theory
has been developed from the theory of “coupled oscillators,”
for example, from the observation that pendulums or pendulum
clocks that are connected in some way via a common medium
synchronize to each other. Similar phenomena can be observed
in the behavior of economic agent over time, for example, in
the adoption of technical innovations in farm firms or in any
formation of industries where firms tend to develop common
standards and business practices.

3.1.3. Fractal structures
The repetition of very simple development rules on suc-

cessive levels of systems development leads to complex but
self-similar structures (Mandelbrot, 1982). Trees, clouds, and
mountains all resemble smaller parts of themselves (Lesmoir-
Gordon et al., 2000). Self-similarity is regularly found in pat-
terns of price variability on different timescales. No matter
whether price movements are measured on a daily, weekly,
monthly, or annual basis, the typical patterns of the movements
are identical. Thus, by aggregation of price movements in the
short run, the same patterns of price variation are generated
on the aggregated level and so on (see particularly Mandel-
brot, 1997, 2004). This phenomenon is also called “scale in-
variance” of system structures and is very typical for complex
systems.
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3.1.4. Attractors (multiple equilibria)
Complex systems do not have the tendency to develop into

single, or even static, equilibrium states. Instead, they possess
many possible attractors or equilibrium states. An attractor can
be a point, a regular path, a complex series of states, or an
infinite sequence called “strange attractor” or “fractal attrac-
tor.” In this article we will refer to them simply as “attractors.”
Strange/fractal attractors are very common in nature and proba-
bly also in social systems. The most famous strange attractor is
the “Lorenz attractor” (Lorenz, 1963). Three connected differ-
ential equations of three weather variables (air pressure, tem-
perature, humidity) produce infinite cycles of weather states.
The Lorenz attractor has two basins of attraction, that is, two
different typical weather situations and the system cycles either
around one of these basins or flips spontaneously from one to
the other. The transition from one basin of attraction to another
is unpredictable.

SOC, fractals, and attractors are very closely connected emer-
gent properties of complex systems. The mechanisms of SOC
“create” fractal system changes and attractors are said to have
a fractal structure.

3.2. The sand pile metaphor of self-organized criticality

It goes without saying that sand piles and economic systems
have almost nothing in common. In this section the emphasis is
on almost, because in both the same emergent property of SOC
(Bak et al., 1987), a specific characteristic of complex systems,
might occur. Let us now follow Bak into the theory of SOC:
“To make this less abstract, consider the scenario of a child at
the beach letting sand trickle down to form a pile” (Bak, 1997,
p. 2):

In the beginning the pile is flat, and the individual grains
remain close to where they land. Their motion can be un-
derstood in terms of their physical properties. As the process
continues, the pile becomes steeper, and there will be little
sand slides. As time goes on, the sand slides become bigger
and bigger and eventually, some of the sand slides may even
span all or most of the pile. At that point, the system is far out
of balance, and its behavior can no longer be understood in
terms of the behavior of the individual grains. The avalanches
form a dynamic of their own, which can be understood only
from a holistic description of the properties of the entire
pile rather than from a reductionist description of individual
grains: the sand pile is a complex system.

Cellular automata are a very popular tool to demonstrate the
principal functioning of the avalanche processes in the sand
pile. Bak (1997, pp. 52–53) gives a highly simplified, elegant
example:

The table where the sand is dropped is presented by a two-
dimensional grid. At each square of the grid, with coordinates
(x, y), we assign a number Z(x, y), which represents the
number of grains present at that square. For a table of size

L = 100, the coordinates x and y are between 1 and 100.
The total number of sites is L∗L. We are using “theoretical
physicist’s sand,” with ideal grains that are regular cubes of
size one, which can be stacked neatly on top of one another,
not irregular complicated ones that you find on the beach.

The addition of a grain of sand to a square of the grid is
carried out by choosing one site randomly and increasing the
height Z at that site by 1:

Z(x, y) → Z(x, y) + 1

This process is repeated again and again. [. . .], we apply a
rule that allows a grain of sand to shift from one square to
another, a “toppling rule.” Whenever the height Z exceeds
a critical value Zcr that may arbitrarily be set, say, to 3, one
grain of sand is sent to each of the four neighbors. Thus,
when Z reaches 4, the height at that site decreases by four
units,

Z(x, y) → Z(x, y) − 4

For Z(x, y) > Zcr, and the heights Z at the four neighbor sites
go up by one unit.
The toppling process is illustrated in . . . [Fig. 2]. If the un-
stable site happens to be at the boundary, where x or y is 1 or
100, the grains of sand simply leave the system; [. . .].”

The black squares indicate the eight sites that toppled. One
site toppled twice (Bak, 1997, p. 53; Source: Bak, 1997,
Fig. 12, p. 53).

3.3. Jensen’s statistical explanation of self-organized
criticality

SOC implies that changes to, or reactions by, a system or
its parts only occur if certain quantifiable characteristics of
individual system components have threshold levels that can
trigger an action. In the system component, every incoming ex-
ternal impulse is converted into an increase in the value of the
characteristic instead of an immediate response (Jensen, 1998).
When the threshold level is reached, the system component
sends out impulses to other system components and the envi-
ronment, whereas the state of the system characteristic that has
triggered the action is reset accordingly. If a system consists of
a number of components of that type and if those components
are connected, then they are able to interact. In the course of
interaction “change impulses” are transported throughout the
system and the individual system components build up each
others’ threshold levels and finally trigger each other into ac-
tion.

In the state of criticality the interaction among different sys-
tem components is so intense that a local event is able to spread
out to encompass the whole system, or at least large parts of it,
much the same as a domino effect or chain reaction. The size
of the avalanche-like system reaction depends on the degree
to which the system components have locally, or as a whole,
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Fig. 2. Illustration of toppling avalanches in a small (cellular automata model of a) sand pile. A grain falling at the site with height 3 at the center of the first grid
leads to an avalanche composed of nine toppling events, with a duration of seven update steps. The avalanche has a size = 9.

reached their threshold levels. There are many different states
that a local part of the system can assume in which impacts
of different magnitudes do not lead to an immediate reaction,
but to an increase in the local readiness to react. These states
are called meta-stable. When a system has locally reached the
threshold level the state is called marginally stable. In the latter
case, a small perturbation can trigger a wide range of responses.

According to Jensen (1998, pp. 7–11), systems in the state of
SOC show a specific response to external shocks with respect to
the statistical distributions [P(s) and P(t)] of the sizes (s) of sys-
tem changes and their durations (t): P(s) ∼ s−τ and P(t) ∼ t−α .
In other words, the probability of the occurrence of a certain size
or duration of a system response will be inversely proportional
to its size, which is the essence of “Zipf’s Law,” “Gutenberg-
Richter Law,” or generally spoken the so-called “1/f noise.”
The 1/f noise indicates a certain type of time correlation (or
equally size correlation) in systems response. “The amount of
dependence, history, or causality in the signal [N(τ 0), N(τ 0+
τ )] can be characterized by the temporal correlation function:

G(τ ) = 〈N (τ0)N (τ0 + τ )〉 τ0 − 〈N (τ0)〉2 τ0.

If there is no statistical correlation between the signal at τ 0 and
at τ time units later, we have G(τ ) = 0” (Jensen, 1998, p. 8).
Power spectrum and distribution of length of system changes
are (for a stationary process) linked to the temporal correlation
function in the following way (Jensen, 1998, p. 9):

S(f ) = 2
∫ ∞

0
dτ G(t) cos(2πf t).

After further mathematical processing [while assuming that
S( f ) ∼ 1/fβ and G(τ ) ∼ 1/τα] Jensen shows that power spectra
of the form S( f ) ∼ 1/f β correspond to extremely long time
correlations if β > 1. Thus, by simply measuring power law
distributions (PLD) of “1/f noise” in a system these extremely
long time correlations, which correspond with SOC, could be
identified.

PLD represent a type of exponential distribution function that
shows a linear relationship between the measured value (xi)
and the frequency (fi) of its occurrence on a double logarithmic
scale:

ln(fi) = −m∗ ln(xi) + ln(b)

with xi > 0, b > 0, and typically –1 ≥ –m ≥ –2.
In complex systems analysis, the occurrence of PLD

(see Section 5) and the system’s behavior are used
as a phenomenological definition and indicator for
SOC.

4. Self-organized criticality in economic systems: the case
of Danish agricultural subsectors

4.1. Prerequisites for the emergence of SOC

Complex systems self-organize into a critical state in the
presence of permanent external shock without the need for any
external tuning. Furthermore (see the excellent discussion in
Jensen, 1998, p. 126 ff.), only a certain type of complex systems
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is able to evolve into a state of SOC: slowly driven, interaction-
dominated threshold systems, so-called SDIDT systems. As
Jensen further points out in his constructive definition of SOC,
finally it is the separation of time scales of causes and effects
that makes SOC possible, due to the fact that the threshold effect
impacting on a system in a “relaxed” state does not lead to a
direct reaction, but contributes to the build up of the “critical”
state of alertness. After some time the critical state relaxes and
the build up of a critical reaction potential begins again. If the
system is influenced too often and/or too heavily or is relaxing
too fast, the process of avalanching cannot build up. An agreed
upon definition of SOC and a formal mathematical description
for the development of SOC in complex systems have not yet
been developed due to the immense mathematical difficulty
that sharp threshold processes impose. Nevertheless, a system
is very likely to show SOC if the following prerequisites are
fulfilled:

1. The statistical properties of a system’s characteristic be-
havioral variables exhibit a PLD.

2. Basic conditions (threshold levels, meta-stability, marg-
inal stability) and processes (building up and relaxation
of threshold levels, avalanche-like system changes) that
constitute a state of SOC can be identified.

3. A system can be identified as an SDIDTS.

Since Thomas Schelling’s Segregation Model (Schelling,
1978), processes of self-organization in economic structures
have received growing attention. Also, classical models of
economic organization as the von Thuenen–Mills model or
Christaller’s Central Place theory show certain attributes of self-
organizing systems. Paul R. Krugman developed an explicit
model of self-organization in economics (Krugman, 1996),
which also had a significant impact on research in spatial eco-
nomics (see, e.g., Masahisa et al., 1999). In theoretical eco-
nomics Scheinkman and Woodford (1994) explicitly connected
SOC to the occurrence of PLD in their research model of eco-
nomic fluctuations. They found that fluctuation in aggregate
economic activity can result from many small, independent
shocks to individual sectors because those shocks fail to can-
cel out each other in the aggregate due to local interaction of
the economics agents and other reasons. PLD of the quantita-
tive behavior of economic systems (mostly price fluctuations)
have been investigated by Mandelbrot (1963) and many oth-
ers since. PLD are found in almost every sufficiently complex
real-world social system. Benoit Mandelbrot was among the
first to discover PLD in price changes of cotton and other agri-
cultural commodities, but he did not further investigate the
underlying causes. In recent economic literature evidence of
PLD in all parts of the economy has been presented: “They
[power law distributions] are indicative of correlated, coopera-
tive phenomena between groups of interacting agents at the mi-
croscopic level” (Ormerod and Mounfield, 2001, p. 573). PLD
of business sizes were investigated by D’Hulst and Rodgers
(2001), Ormerod (2002) identified them in U.S. business cycles,
Ormerod and Mounfield (2002) in European business cycles,

whereas Ponzi and Aizawa (2000) report about PLD in financial
market models; various other authors have found them in stock
markets.

There are basically three reasons to be interested in find-
ing PLD and thus evidence for SOC in economic systems.
First of all, it would shed new light on the inner dynamics
of economic systems. Second, it would imply that economic
systems are self-organizing. Third, it would indicate that eco-
nomic systems are complex systems and thus could be expected
to also show other typical characteristics of complexity. Alto-
gether, it would become evident that structure and characteris-
tics of economic systems are systematically deviating from the
concepts of “clockwork systems” and “control systems” that
are traditionally dominating the formation of economic the-
ory. An economic theory referring systematically to the “open
systems” approach would include, rather than exclude, the ex-
isting theoretical framework in a similar way as higher sys-
tem levels include the characteristics of lower levels. It would
not be an alternative to mainstream economics but a reason-
able extension of it. Although the difference in explanatory
and predictive power would be significant, it would only be
gradual.

The first two prerequisites for the development of states of
SOC can readily be found in almost every economic system:
they are so full of structural developments, ups and downs
of business activities, threshold levels, for example, for in-
vestments based on expected profitability, that we can safely
assume that this prerequisite within the scope of this article
can be fulfilled. As far as the third prerequisite is concerned,
economic systems can be identified as SDIDTS (the second
prerequisite for SOC). Economic activity is to a very large
extent, if not completely, interaction dominated and changes
occur, in general, slowly enough (and fast enough) that meta-
stable structures can evolve and a separation of time scales
can occur. Because both prerequisites for SOC can be assumed
to be met by the type of economic system that will be in-
vestigated in this article, we can further focus on the anal-
ysis of the existence of PLD of relevant economic indicator
variables.

4.2. Analysis for power law distributions

Two interesting questions arise when the theory of SOC is ap-
plied to the analysis of self-organization within business sectors
or industries:

1. Will the changes of a sector over time—here measured as
monthly changes of total monetary production values—
show the PLD and thus indicate a self-organizing sector?

2. In case question (1) can be answered positively, what
further information can be gained from the PLD functions
about the specific state or degree of self-organization in a
sector?

The first question will be answered by reference to a corre-
sponding empirical analysis that is reported in more detail in
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Noell (2006) before dealing with the second question. Main
focus will be on the interpretation of the slope of logarithmized
PLD functions.

Per Bak’s main proposition about self-organization is that
changes in characteristic properties of large systems can indi-
cate its presence if the system changes are “power law” dis-
tributed. Those PLD can relatively easily be determined, given
sufficient data and an appropriate indicator variable are avail-
able. Because Bak further claims that self-organization is a
general property of open systems in general—regardless of the
specific kind of system—power law testing can basically also be
applied to economic systems. Thus the three main hypotheses
for the empirical analysis (see Noell, 2006) are:

Hypothesis 1: Danish agricultural sectors are self-organizing
systems.

Hypothesis 2: The aggregate monetary production value is a
suitable indicator to test the Danish agricultural sectors for
self-organization.

Hypothesis 3: Movements of the aggregate monetary production
value over time of Danish agricultural sectors are power law
distributed.

The upstream and downstream sides of the agricultural sector
are linked by economic interactions among farms and slaughter-
houses, dairies, mills, and other processing industries. Thus, it
can be assumed that the number of units delivered and the prices
paid per unit indicate the aggregated economic activity both on
the upstream (production) and the downstream (processing, re-
tailing, consumption) side of the pork sector. All changes in a

Source: Noell (2006, p. 6).

Fig. 3. Sales values (black graph) and moving average (red graph) of sales values of kg pigs sold to Danish slaughterhouses from 1963 to 1999 (prices corrected for
inflation).

sector caused by competition, politics, consumer preferences,
and the like should be reflected in the amount of natural produc-
tion as well as in producer prices paid by the downstream side.
Both streams combined result in the monetary production value
at a given point of time. A direct measurement of profits would
be even more appropriate but comprehensive cost data are dif-
ficult to obtain and according to Bak, self-organization is quite
a robust phenomenon, which is also indicated by secondary
indicator variables.

PLDs are linear functions of indicator variables and the fre-
quencies of their measured values on a double-logarithmical
scale. Thus, theoretically the graph of a power law distributed
variable is a straight line with a negative slope. Only for very
large data sets, it would be advisable to directly use the mea-
sured values and their frequencies. For the sample sizes N <

500, as are typical for this study, it is necessary to calculate
discrete probability distributions from the data and relate them
to the average value of each class.

Consequentially, the PLD for testing hypothesis 3 is con-
structed as linear regression function through the data points
and the correlation coefficient is used as a measure for the qual-
ity of the approximation. For the interpretation of the results,
we assume that a high statistical correlation among the loga-
rithm of fluctuations in the sales values and the logarithm of
the frequencies of its occurrence indicates the presence of a
PLD. As a test for the existence of PLDs in agriculture, a linear
regression analysis was carried out on various subsectors of
Danish agriculture based on official statistical data on average
monthly producer prices (P in DKK/kg, corrected for monthly
rates of inflation) and monthly (t) production volumes (Y in
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kg) from 1963 to 1999 (Danmarks Statistik, 1963–1999). In
Fig. 3 the data are visualized for the sales values of pigs sold
to Danish slaughterhouses. The absolute values of fluctuations
were transformed into relative measures by a 12-month moving
average. Purpose was to reduce possible biases in the classifi-
cation of the sizes of fluctuations in the calculations for every
product.

A test variable (Z) was calculated as follows:

Zt = 100∗ | PtYt − Pt+1Yt+1

∣∣∣∣
/ ∑

i=1...12

(Pt−iYt−i/12)

and the results were then broken down into discrete frequency
distributions. Class width was uniformly set to 5% (j = 1. . .20)
of the respective maximum Z-value. Each class was represented
in the regression analysis by the logarithm of its average Z-value
(Zavj ) and the logarithm of the class frequency (nj ):

Zj = ln(Zavj )

Fj = ln(nj ).

This normalization process was done to allow for the identifi-
cation of value movements over longer time periods (see Noell,
2006, p. 8). A typical result of the sector analysis is presented
in Fig. 4 for the Danish pork sector.

The regression function approximates the PLD with a co-
efficient of correlation of –0.97837 that indicates almost a
functional relation. The result for the pork sector suggests that

Source: Noell (2006, p. 9).

Fig. 4. Discrete power law distribution and regression function for the pork sector if movements of the production values on all time scales are considered and very
small movements are removed from the analysis because they are underrepresented due to the restriction to monthly data.

Table 2
Slopes and intercepts of discrete power law distributions in the movements of
production values of selected subsectors of Danish agriculture from 1963 to
1999

Product/sector Slope (loge) m Intercept (loge) B Sample size N

Eggs −1.68 0.92 432
Milk −1.37 0.47 432
Wheat −1.33 0.57 432
Potatoes −1.30 1.59 432
Butter −1.25 0.74 432
Fresh cheese −1.22 0.68 432
Pork −1.13 0.92 432
Barley −1.12 0.64 432
Beef −0.71 0.68 300

Note: All correlation coefficients are between –0.881 and –0.973.

hypotheses 1–3 cannot be rejected here and thus show evi-
dence of self-organization and SOC in this sector. As shown in
Table 2 this is also true for all other sectors under investigation.
Results from a pre-study with uncorrected and unmodified data
showed only slightly lower results with –0.8 > r > –0.9. The
consistency of the results further supports the conclusions that
the measured fluctuations of agricultural production reflect the
existence of processes of self-organization in Danish agricul-
ture. Thus, the prerequisite for the existence of SOC is fulfilled
and for the further discussion we assume that the agricultural
sectors under investigation are open, self-organizing, and com-
plex systems that can be expected to incorporate the full range
of advanced emergent systems properties.

It should be pointed out that in the empirical analysis only
monthly value movements are considered. A full analysis that
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Fig. 5. Theoretical power law distributions for deterministic, self-organizing, and chaotic systems.

considers all value movements over all time horizons within
the period from 1963 to 1999 is expected to result in a wider
power spectrum and a further increased correlation. At the same
time, the slopes of the PLD should systematically decrease
because with increased time horizons the probability of larger
changes increases, and thus the relation between larger and
smaller movements of the production value.

5. Can power law distributions indicate a graduation of
self-organization in Danish agricultural subsectors?

What other information is stored in PLD beyond its indica-
tion of SOC? PLDs depend on two parameters, which appear as
slopes and intercepts of their linear representation on the dou-
ble logarithmic scale. Whereas the intercept gives information
about the valid range of a PLD, the slope might be an indicator
for the specific state of self-organization in an economic sys-
tem. It is proposed here that the slopes of PLD are related to
the quality or degree or restrictedness of self-organization in
general and SOC in particular. This phenomenon could be of
interest for the analysis of economic systems as, for example,
the Danish agricultural subsectors under investigation, if it can
be shown that self-organization is positively correlated to the
efficiency of a sector. A fully self-organizing sector should be
expected to be more efficient than one with restricted or reduced
self-organization.

Thus the central question in this section is how the slope of
PLD can be linked to a graduation of self-organization. The
answer becomes immediately obvious, if we go one step back-
wards into the theoretical analysis and recall that the state of

SOC is an intermediate state of systems that only exists under
specific circumstances and for the so-called SDIDT systems,
which show a high degree of complexity and a medium de-
gree of order. The dynamic stability of self-organizing systems
assumes a position between two extreme system states: deter-
ministic stability and chaotic instability.

On the one side are systems in a deterministic state, charac-
terized by high order and very low complexity. In the extreme
case there would be just one single rate of system changes
that occurs with 100% certainty (as in a clock that ticks away,
for example, by the second or by the minute), and this rate
could even be zero (as in a standing clock). Thus, the PLD be-
comes infinitively steep then with a slope of m = –∞ (function
a in Fig. 5). On the other side are chaotic systems with al-
most no order and also very low complexity. Consequentially,
all possible system changes carry the same probability of oc-
currence (as, e.g., in “white noise”). The PLD flattens out to
a rectangular distribution with a slope of m = 0 (function c
in Fig. 5). In both cases there is no self-organization because
the system types lack either sufficient flexibility or sufficient
stability.

In the systems theoretical literature it is proposed that the
slopes of the PLD are at least typical for specific self-organizing
systems. It is even suggested that there is one universal constant
that describes the “ideal state” or “maximum degree” of SOC
(indicated by function b in Fig. 5) but there is no agreement yet.
In empirical studies, slopes around m = –1.5 are often reported
with a typical range of –0.5 ≥ = m ≥ –2.0. If PLD with smaller
or larger slopes are not reported, a lack of self-organization and
the absence of at least quasi-SOC lead to a different form of
distributions that do not approximate PLD. In the vicinity of (c)
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PLD might also indicate self-organization, but in a somewhat
restricted or reduced form. In the abstract representation in
Fig. 5, the borders of the “SDIDTS-zone” are marked by the
functions (b1) and (b2), below and above which the PLD are not
indicating SOC anymore. Also deviations from (c) of functions
of change-distributions by their functional forms restrict the
“SDIDTS zone.” If, for example, (c) would start to curve to the
shape of a double logarithmical normal distribution, a system
with more deterministic characteristics would be indicated. For
reasons of simplicity we do not further consider these issues
here.

The empirical analysis for PLD in Danish agriculture resulted
in a range of different slopes or power law coefficients (see
Table 2). Although the slopes were calculated from normal-
ized data, the range of slopes from –0.70 to –1.68 confirms
the general findings in the literature. For our purposes, the
relations among the different m-values of the agricultural sub-
sectors are more important than their absolute values. The find-
ings do not allow a straightforward interpretation, because the
differences between the slopes can be caused by a variety of
reasons. First of all it is possible that all sectors are deviating
from a universal ideal state of self-organization, which would
be characterized by a universal power law coefficient. Sec-
ond, the deviations might indicate that there are specific slopes
for every agricultural sector and third, given those exist they
are not yet known and we do not know how far the individ-
ual results of the present empirical analysis are deviating from
them.

The spread of the m-values is the main source interpretation
here. In Table 2 the slopes of PLD as found in different agricul-
tural subsectors are ranked in descendant order. The egg sector
(m = –1.68) has the highest value, whereas the beef sector (m
= –0.71) is characterized by the lowest value. Although the
Danish egg sector is a highly regulated, historically declining
sector, the beef production is largely determined by develop-
ments in the milk sector and foreign trade, and is as such a
sector with low coherence. These results are in the right or-
der in the light of complexity theory. It is certainly justified to
conclude that the egg sector would show a higher degree of
self-organization (and probably higher m-value), if it was less
strictly regulated. The opposite could be concluded for the beef
sector.

Similarly the also quite highly regulated milk sector (m = –
1.37) shows a considerably steeper slope than the pork sector (m
= −1.13), which in Denmark is highly vertically coordinated
by contractual relations but bears a very competitive business
structure on the farm level. Butter (m = –1.25) and fresh cheese
(m = −1.22) assume an intermediate position, which could be
explained by the close relation to the milk sector on the one side
and by the lower degree of regulation for processed products on
the other: the dairy sector has historically been more dynamic
than the milk sector.

More difficult to explain are the results from crop production
with wheat (m = –1.33), potatoes (m = –1.30), and barley
(m = –1.22). The effects of largely coupled production (crop

rotation) of these crops and the independent marketing of the
produce make the outcome less clear. The same effect can be
observed when the beef sector is further split up (cows, bull,
heifers, young bulls, etc.). This is obviously an indication for
the necessity to define the sectors for the empirical analysis as
largely independent units.

Nevertheless, in a first approach it can be concluded that
the results are in accordance with theoretical expectations. In
general the question of the “ideal” m-value or “optimal” state of
self-organization for a given sector should be more relevant for
policy analysis—although it cannot be answered in this article.
Is a sector overregulated or underregulated? Would a sector
be most efficiently organized if it were in an “ideal” state of
self-organization? What deviation of the state of a real-world
sector from the theoretical ideal had to be accepted due to
transaction costs, given information asymmetries and existing
property rights structures?

6. Complex economic systems—what are the empirical
implications?

In the preceding sections evidence for the existence of SOC
in agricultural sectors was presented. The indication of SOC
implies that there are underlying processes of self-organization
and thus complex dynamics in the physical and intertemporal
organization of the Danish pork- and other agricultural sec-
tors. Of course the findings provoke new questions: How do
we translate complexity issues into the analysis of real-world
business issues? What are the implications? Can SOC and
other emergent properties of complex systems help to better
understand the dynamics of agricultural sectors? Can we derive
guidelines for improved agricultural policy approaches from an
improved understanding of sector dynamics? Although we do
not attempt to answer these questions within the scope of this
article or only formulate a comprehensive set of research ques-
tions, we will address some of these issues in the subsequent
discussion.

6.1. Unintended side effects: the crucial factor of complexity
in economic systems

The discourse about bottom-up generation of complexity in
economic systems is schematically summarized in Fig. 6. As
pointed out before, only a special type of economic system al-
lows for complex developments: the so-called SDIDTS type.
Deterministic systems or chaotic systems are lacking the nec-
essary stable interaction due either to high or to a low degree
of order and can in reality only exist in short transitory phases.
Highly regulated systems, such as the dairy farming sector, can
appear to be a deterministic, well-ordered economic system,
where due to politically set institutions like production quota
and price fixation the forces of self-organization are reduced
for a short period of time. Experience shows that those reg-
ulations have to be “reformed” after relatively short periods
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Fig. 6. Interaction of economic agents and dynamic equilibria in economic systems of the SDIDTS (slowly driven interaction-dominated threshold systems) type.

of time because economic and technological developments in
the sector make the old regulations obsolete. The sectors force
themselves again into a state of SDIDTS and begin to increase
self-organization. The other extreme would be a chaotic eco-
nomic system as could be observed in the food supply networks
of the old centrally planned economics in their initial phases of
transition to market economies.

Here state regulation as well as the complete breakdown
of the former food system forces earlier or later the return to
coordinated business processes and thus the reestablishment of
food supply networks as SDIDTS. In this perspective complex
systems are the inevitable consequence of the pursuits of so-
cieties to create stable economies: complexity is a necessary
condition for dynamic stability.

The activities of economic agents—no matter whether they
are coordinated or not and independent or not—lead to self-
organization, which further leads via the process of SOC to
complexity and dynamic equilibria (Fig. 6). It is basically the
unintended side effects that drive self-organization, and induce
all the complex consequences following from it. The unavoid-
able working of unintended side effects leads to new emergent
properties, that is, structural and functional changes in the sec-
tor. The mechanics of unintended side effects are quite simple:
economics agents such as firms, consumer but also regulators
perform certain activities with certain intentions in the econ-
omy. They basically plan to reach their goals in some form of
utility maximizing. Very often intended activities of economic
agents have immediate or delayed side effects, for example,
each price change for a product changes its price distribu-
tion. Changing price distributions might lead to changes in the

demand for the product. A falling price might make its produc-
tion in one or more firms unprofitable, and firms might go out
of business. If enough unintended side effects occur, structural
changes might be the consequence. In general unintended side
effects change the interaction patterns of the economic agents.
Feedback reactions amplify their effects and because so many
side effects are working over time and simultaneously, the very
complex interaction patterns that we observe in real-world eco-
nomics occur. Consequentially, the interaction of the economic
agents is much more important for development and result of
an economic system—such as an agricultural sector—than their
intentions and characteristics.

6.2. Competition: main mechanism of self-organization in
economic systems

When we look at the examples for complex emergent prop-
erties of economic and social systems as given in Table 3, it
becomes obvious that “competition” is one of the main mech-
anisms of self-organization in social and economic systems.

Taking into account the mechanics of unintended side effects
as described above, this is not surprising at all. Competition is
finally an emergent property of any sufficiently large economic
system, which in a classical way cannot be explained by the
properties of its components. Nevertheless it should not be over-
looked that economic self-organization is taking place within
a system of rules, laws, regulations, and politics, which stabi-
lize economies to SDIDT systems. On a further level of com-
plexity, there are also interactions between the self-organizing
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Table 3
Empirical economic phenomena with dynamic equilibria

Examples for complex emergent Typical behavioral components Main mechanisms of Indicators for dynamic
properties in economic and self-organization equilibria (power
social systems law distributions)

Markets Supply, demand, self-regulation Competition Prices, volumes
Economic sectors and regions Production, marketing, self-regulation Competition, cooperation Structural variables
Supply chains and networks Specialization, growth, integration,

outsourcing, contracting
Oligopolistic competition Structural variables

Technological and organizational
innovation

Adoption, adaptation, imitation Diffusion Productivity, efficiency

Long-term business cycles (e.g., “pork
cycle”)

Investments, production Horizontal competition Production value, profits

Food safety Profit/utility maximization Vertical competition, crises Trust, transaction cost
Economic and social institutions Lobbying, policy and regulation,

self-regulation
Political competition Structural variables

economic agents and their regulatory context. Adam Smith’s
one “invisible hand” that assures static market equilibrium re-
solves into numerous “thoughtless hands” that induce dynamic
equilibria. Besides intended activities and interactions of eco-
nomic agents to increase and maintain their competitiveness,
unintended side effects are playing a crucial role. All changes
in price levels, quality demands, general production cost, etc.,
are based on corresponding activities of economic agents that
do not necessarily intend to change, for example, the price dis-
tribution of a good by individually increasing or decreasing its
price. Also the impact on and consequences of changing price
relations have unintended side effects and determine competi-
tion.

Interestingly, the concept of static equilibria can easily be
included in the concept of dynamic equilibria. A static equi-
librium has the quality of an attractor basin and therefore
can be addressed as a special or marginal case of a dynamic
equilibrium. Thus, competition, viewed as a process of self-
organization, is a strong conceptual link between complexity
theory and standard economic theory. A corresponding integra-
tion of unintended side effects and redefinition of “competition”
could be an inspiring source of new developments in economic
theory.

6.3. A sand pile model of economic sectors

At this point it seems to be reasonable to come back to Bak’s
sand pile metaphor, to make a direct conceptual connection
between complexity theory in general and the development of
complexity in economic systems. How would the famous sand
pile model be translated into a model of an economic sector?
In the simplest case an economic system can be thought of
as a supply network, as presented in Fig. 7, that operates un-
der similar rules as the sand pile cellular autonoma. The same
avalanche-like dynamics of SOC leads to almost unpredictable

propagations of the demand impulses through the supply net-
work and finally to a dynamic equilibrium. The working of this
enlightening model can be studied in more detail in Bak et al.
(1993).

More concretely spoken, in a sand pile model of a general
economic sector, the “sand grains” can be single investments
(amounts of monetary capital) that “fall” on the “ground”—that
is, the investments flow into, within, and out of the sector—into
the production of goods. The “energy” of the falling grains
is here equivalent to the expected profitability of the invest-
ments caused by a demand for products. The equivalent of
the embedding physical system of the sand pile is then the
surrounding economy (regional, national, or international) in-
cluding other sectors and specific institutions. Let us further
assume that the economic sector evolves from small or scat-
tered beginnings. It increases over time in volume of invest-
ments and in the amount of goods produced. The investments
agglomerate to a typical sectoral structure (e.g., a distribution
of firm sizes), which is proportionally growing, until compe-
tition leads to the first local structural changes caused by, for
example, concentration processes and regulation. The inten-
sity of competition is equivalent to the slope of the sand pile,
with structural changes of different sizes and frequencies being
equivalent to the avalanches on the sand pile’s surface. Typical
patterns of competition will develop in the sector and thus typ-
ical distributions of sizes and frequencies of structural changes
on all scales or aggregation levels (fractals), respectively, will
appear.

We expect the fully developed sand pile model economic
sector to enter its specific dynamic equilibrium of structural
development. Size and frequency of the structural changes are
expected to show characteristic patterns (attractors) that remain
the same unless significant changes in the sector or its en-
vironment occur. The state of a complex system in dynamic
equilibrium is reached.
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Source: Bak et al. (1993), modified, in Damgard (2002, section 131).

Fig. 7. Self-organized criticality in a model economy.

6.4. Self-organized criticality and the myth of pork cycles

“Pork cycles” and other production cycles are among the
most prominent dynamic phenomena in agriculture. There has
been a decade-long discussion about the existence or nonex-
istence of “pork cycles” (Coase and Fowler, 1973; Haas and
Ezekiel, 1926; see also the review of Chavas and Holt, 1991).
Theoretical economic models predicted them but empirical re-
search has not been able to verify them in practice: although

there are, no doubt, ups and downs in the pork production, they
are definitely not cyclical as would be expected from typical
“clockwork” system type of Boulding’s hierarchy of systems.
Future movements of production cannot be reliably predicted
from past movements. Empirical research finally concluded that
there are in fact no pork cycles in the sense of cyclical move-
ments of pork production.

But if we look at pork cycles in the context of the theory
of SOC and dynamic equilibria, these results do not come as a
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surprise at all. Theory would even predict these empirical find-
ings. Frequently occurring increases of pork production (capac-
ity), from a certain point of time followed by relatively sharp
decreases, fit very well the idea of threshold-dominated dynam-
ics of internal sector competition as well as the irregularity of
its occurrence due to self-organization. Regular cycles would
be very unlikely in a sector with complex business dynamics,
whereas irregular ups and downs are typical for the state of
dynamic equilibrium.

The theory of SOC furthermore suggests reasons why pol-
icy measures, changes of prices, and regulations sometimes
have a strong sectoral effect, even if they are small, and some-
times they do not have any effect, even if they are large.
Substantial changes in the sector organization only occur if
the sector or larger parts of it are in a critical state that is
only marginally stable. New investments as well as disinvest-
ments in pork production are triggered by profit expectations,
and they are tied to profitability thresholds. In the meta-stable
phase, the majority of farms will not significantly change pro-
duction unless their profit expectations have reached a cer-
tain level or range. Pork farmers are operating under com-
parable economic conditions and tend to imitate economi-
cally successful behavior of other farmers. Thus their indi-
vidual threshold levels not only lie in relatively narrow ranges
but are also communicated quite intensively (cause of local
avalanches).

7. Should complexity theory be used in the analysis of
economic systems?

In this article it has been suggested to assume that real-world
economic systems are complex in general and that they can be
approximated by the “open systems” approach. Furthermore,
it has been pointed out that economic systems are very likely
to possess the basic and advanced emergent properties (e.g.,
SOC, fractals, attractors) of general complex systems. The the-
ory of SOC was identified and proposed as a major source of
dynamic equilibria and complexity in economic systems. This
was exemplified in an analysis for SOC of Danish agricul-
tural subsectors, indicated by PLD of the monetary production
value for the time period from 1963 to 1999. Major conclu-
sions from the empirical part were that (1) the sectors under
investigation are obviously self-organizing and thus very likely
to show a range of complex properties, that (2) the charac-
teristics of the PLD that were measured might contain further
information about the state or graduation of self-organization
in the sector, and varying empirical results for different agri-
cultural sectors turned out to be consistent with the theory of
SOC, and that (3) fully self-organizing sectors might be the
economically most efficient. Finally, empirical implications of
the results for self-organization and complexity in economic
systems were discussed. The importance of unintended side

effects of the activities of economic agents for processes of
self-organization was emphasized as well as the function of
“competition” in economic systems as an emergent property
that drives the development of complexity. Per Bak’s sand pile
model was translated into a conceptual framework of complex
economic sectors. Finally the “myth” of pork cycles found an
immediate explanation in the light of the theory of SOC. In ad-
dition, a few significant reasons in favor of complexity methods
should be listed here:

• There is certainly more structure in economic systems than
has been assumed in standard policy analysis so far. Com-
plexity theory helps to unveil the often surprisingly sim-
ple self-organizing processes that lead to highly complex
results in a system. They lead to seemingly random and
unsystematic but in fact highly ordered and foreseeable
structures.

• Complex systems theory predicts highly predictable macro-
structures of economic systems, particularly attractors. At
the same time it becomes almost unpredictable which of
the possible future states of the system will be assumed
by it. Long-term predictions have, in the view of complex
systems theory, a strategic and theoretical rather than an
operative and empirical character and should focus more
on the macro-characteristics of economic sectors than on
specific states.

• Economic agents, groups of agents, and institutions react
autonomously, that is, adaptive to policy measures. Eco-
nomic systems are difficult to control due to their emergent
property of nonlinear response to external shocks and in-
fluences.

• Bottom-up approaches instead of top-down policy and con-
trol approaches should be considered more often. Not
only the immediate reactions of economic agents to pol-
icy measures should be integrated but also correspond-
ing interactions among the economic agents and as far
as possible side effects and their potential consequences.
Self-organization processes in economic systems should
be carefully influenced rather than inhibited, overruled, or
compensated.

• Another important insight is that the complexity of an econ-
omy or an economic sector is the best guarantee for its
dynamic stability. Complexity rather means highly orga-
nized simplicity than unordered randomness or complicated
structures. Therefore the forces of self-organization should
be strengthened and a high degree of complexity should
be allowed for, instead of controlling, “simplifying,” and
restricting the economic relations too much. For a func-
tioning economy it is not necessary to fully understand its
working, but to understand and maintain the conditions for
its optimal self-organization.

The existence or nonexistence of pork cycles (as men-
tioned above) is the ideal starting point to discuss the essential
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question at the end of this article: should and could complexity
theory be used in the analysis of economic systems? Is there any
advantage of these methods over standard analytical models?
In short, if we follow the logic of Occam’s razor, “All things be-
ing equal, the simplest solution tends to be the best one,” what
speaks for practical usefulness of complexity based analytical
and modeling tools?

In the case of the pork cycles the underlying theory was
relatively simple, whereas the empirical methodology became
more and more complicated over time and the data needs
rose in the same way. Finally, it was concluded that there
are up and down movements in pork production (and in all
other food production) but no regular cycles could be iden-
tified or even predicted. In this article it was shown that the
same conclusion could be reached by predictions from the
theory of SOC and the analysis of PLD: the evidence for
SOC is the best proof for the nonexistence of production
cycles.

From the existing evidence it can at least preliminarily be con-
cluded that complexity methods might have the characteristics
of being theoretically complicated, but make moderate demands
to analytical techniques and relatively low demands to empiri-
cal data sets. In contrast, modern standard economic methods
have a relatively uncomplicated theoretical basis, whereas the
demands in analytical methodology as well as in the database
are quite high. In other words, analytical methods that are based
on complexity theory might need higher theoretical efforts but
offer far simpler techniques and make way for less demand
in the underlying data than standard economic methods. Of
course this cannot be generalized: small economic systems
and short time horizons certainly do not justify the application
of complex methods but the larger an economic system gets
and the longer the analytical time horizon is, the more advan-
tages complexity offers for deeper insights in its structure and
behavior.

Thus in the light of Occam’s razor it might turn out that
complexity theory is able to provide analytical tools that are
altogether simpler and/or more powerful than comparable stan-
dard economic methodologies. Therefore complexity theory
should be considered as a valuable supplement to the existing
analytical toolbox.

Acknowledgments

The authors wants to thank the colleagues and friends who
critically and often skeptically discussed with me earlier ver-
sions of this article and encouraged my further work, par-
ticularly Noman Kanafani, Stephan von Cramon-Taubadel,
Rolf A.E. Mueller, John Sumelius, Jan Boom, Gerald Ort-
mann, Kostas Karantininis, Eirik Schrøder Amundsen, Jens-
Erik Ørum, Stig Ree, Afaf Rahim, Melanie Fritz, Christian
Henning, and two unknown reviewers. All remaining faults,

errors, and misconceptions go of course to the account of the
author.

References

Bak, P., 1997. How nature works—the science of self-organized criticality.
Oxford University Press, Oxford, 212 pp.

Bak, P., Chen, K., Sheinkman, J. F., Woodford, M., 1993. Aggregate fluc-
tuations from independent shocks: Self-organized criticality in a model
of production and inventory dynamics. Ricerche Economiche 47, 3–
21.

Bak, P., Tang, C., Wiesenfeld, K., 1987. Self-organized criticality. An explana-
tion of 1/f noise. Phys. Rev. Lett. 59, 381–391.

Boulding, K. E., 1956. General systems theory—the skeleton of science.
Manag. Sci. 2, 197–208.

Buchanan, M., 2003. Nexus—small worlds and the groundbreaking the-
ory of networks. W.W. Norton & Company, New York, London, 235
pp.

Chavas, J. P., Holt, M. T., 1991. On nonlinear dynamics: the case of the pork
cycle. Am. J. Agric. Econ. 73, 819–829.

Coase, R. H., Fowler, R. F., 1973. The pig-cycle in Great Britain: an explanation.
Economica 4, 55–82.

Danmarks Statistik, 1963–1999. Landbrug 1963—statistik om land, gartneri
og skovbrug. Dan. Inst. Stat. 28–64.

D’Hulst, R. D., Rodgers, G. J., 2001. Business size distributions. Physica A
299, 328–333.

Foster, J., 2004. Why is economics not a complex systems science? Discus-
sion Paper No. 336, School of Economics, The University of Queensland,
Brisbane, 38 pp.

Haas, G. C., Ezekiel, M., 1926. Factors affecting the price of hogs. United
States Department of Agriculture Bulletin 1440.

Hatch, M. J., 1997. Organization theory—modern symbolic and
postmodern perspectives. Oxford University Press, Oxford, 387
pp.

Jensen, H. J., 1998. Self-organized criticality—emergent complex behavior in
physical and biological systems. Cambridge University Press, Cambridge,
UK, 153 pp.

Krugman, P. R., 1996. The self-organizing economy. Blackwell, Oxford, UK.
Lesmoir-Gordon, N., Rood, W., Edney, E., 2000. Introducing fractal geometry.

Icon Books Ltd., Cambridge, UK.
Lorenz, A., 1963. Deterministic nonperiodic flow. J. Atmos. Sci. 20, 130–141.
Mandelbrot, B.,1963. The variation of certain speculative prices. J. Bus. Univ.

Chic. 36, 394–421.
Mandelbrot, B., 1982. The fractal geometry of nature. W. H. Freeman & Co,

New York.
Mandelbrot, B., 1997. Fractals and scaling in finance: discontinuity, concentra-

tion, risk. Springer-Verlag, New York.
Mandelbrot, B., 2004. The (Mis)behaviour of markets. Profile Books, London,

328 pp.
Masahisa, F., Krugman, P., Venables, A. J., 1999. The spatial economy—cities,

regions, and international trade. MIT Press, Cambridge, MA.
Mildenberger, U., 1998. Selbstorganisation von Produktionsnetzwerken—

Erklärungsansatz auf Basis der neueren Systemtheorie. Gabler—Deutscher
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