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   Chapter overview 
 Th e defi nition of environmental literacy in  Chapter 
2  included: (i) the proper presentation and represen-
tation of the state of the environment and its dynam-
ics; (ii) the understanding of the human impacts on 
the environment and environmental feedbacks; (iii) 
the identifi cation of options for actions for mitigating 
unwanted impacts; and (iv) the generation of know-
ledge for successfully coping with (i) to (iii). Th is chap-
ter shows how integrated systems modeling can serve 
to generate this knowledge. Th is is done by fi rst spe-
cifying the nature of complementarity of human and 
environmental systems. HES are conceived as inextric-
ably coupled complex systems. 

 One challenge here is to deal properly with diff erent 
types of complexity and fundamental system traits such 
as continuity and discontinuity. Another challenge is 
to acknowledge that the human factor is also forming 
the processes of the natural environment. Humankind 
has become a geological factor and thus environmental 
systems from the micro to the macro scale require an 
anthropocenic redefi nition. 

 We deal with modeling as an effi  cient scientifi c 
reasoning tool for gaining a better understanding of 
the system elements, their relations, and interactions, 
thus allowing for anticipating dynamics of complex 
HES. We summarize the epistemic requirements aris-
ing from the attempt to understand coupled HES com-
prehensively. From this we demonstrate the potential 

contributions of diff erent modeling approaches to 
meet these requirements. 

 Th e essence of this chapter is to reveal what add-
itional insights into HES can be attained by diff erent 
types of modeling, which goes beyond what we can 
describe without making reference to formal modeling 
and what is essential for understanding HES. 

 Th e second part of this chapter appraises funda-
mental key ideas of selective modeling approaches. We 
make explicit how these approaches, and in particular 
integrated systems modeling can genuinely establish 
interdisciplinarity by integrating subsystems or vari-
ables that are dealt with in diff erent disciplines. Th us, 
integrated modeling is considered a mode of “know-
ledge integration.” Th e essence of this chapter is to 
reveal what additional insights into HES can be attained 
by diff erent modeling approaches, (qualitative) insights 
that go beyond what we can describe without making 
reference to formal modeling techniques, but which are 
essential for understanding HES. 

    14.1     Integrated modeling of 
coupled HES 
 Given the fact that the human is a major agent in world 
material fl ows and the biosphere, environmental liter-
acy requires the analysis and management of inextric-
ably coupled human and environmental systems. Th is 
analysis has to take into account that these interactions 
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water and biogeochemical cycles, fundamentally 
modifi ed Earth surface structures and accelerated cli-
mate dynamics causing scarcity, pollution, and detri-
mental social dynamics. Biologists acknowledge that 
large parts of the patterns of terrestrial systems are 
formed by human activities (O’Neill,  2001 ; Turner, 
1990; Vitousek et al., 1997). 

 Human-made changes show the same gravity 
as classical natural hazards, many of which are also 
already strongly aff ected by human activities. Paul 
  Crutzen called this new period the age of the anthro-
pocene (Crutzen, 2002a). Facing the changing world, 
Crutzen infers that:

  … humankind is … a noticeable geological force, as long 
as it is not removed by diseases, wars, or continued seri-
ous destruction of Earth’s life support system … (ibid. 
p. 10/4)   

 Following this diagnosis, we speak about an anthro-
pocenic redefi nition of the environment. Considering 
the major impact humankind has had on the entire 
biosphere since the onset of agriculture and on the 
shape of land since the Middle Ages, the start of the 
anthropocene can be set even earlier than Crutzen sug-
gests (Küster,  1999 ; see also  Box 14.1 ). Today, many 
dynamics of lithosphere, hydrosphere, atmosphere, 

take place at diff erent hierarchical levels and that they 
are oft en intrinsically systemic, dynamic, complex, and 
subject to evolutionary change. Th e systems’ dynam-
ics embodies feedbacks and non-linearities, possibly 
causing – under certain conditions – “critical transi-
tions” which can also qualitatively change the system’s 
structure. Understanding complexity in HES is a prob-
lem deserving particular attention. 

 We argue that mathematical modeling can be con-
sidered a “microscope” for investigating HES, allow-
ing for the anticipation of possible dynamic patterns 
of complex systems. Mathematical models that can 
be used to investigate HES range from linear models, 
systems thinking, and system dynamics to complex 
multiagent and adaptive systems, each providing spe-
cifi c contributions to these investigations. 

  14.1.1     Starting from an anthropocenically 
redefi ned environment 
 We have shown (see in particular  Chapter 13 ) that 
human activities and technology have caused funda-
mental global change of many kinds. We are facing, 
for instance, innumerable new chemical elements, 
new technologies producing never-seen engineered 
nanoparticles or genetically modifi ed species, changed 

 Figure 14.1*      The hierarchy levels of human systems (left upper fringe scales; see  Table 16.2 ) as part of the organism–ecosystem hierarchy 
(see  Figure 8.2 ; Jørgensen  et al .,  2007 ; Odum,  1996 ).  
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and outfl ow of material (and fi nancial) resources looks 
like is presented in  Box 14.2 .               

  14.1.2       Complexity in HES 
   In the time of the anthropocene, the environment and 
thus most environmental problems have been shaped 
by human systems and history. It is not that humans 
usually directly cause fl ooding, but that fl ooding is 
the result of human settlement and related alterations 
of rivers and land, and, in particular, whether or not 
humans build levees. Global warming becomes a prob-
lem because of human production and fossil energy 
use, and soil fertility because of agriculture. All these 
problems are overly complex, in particular if they are 
investigated in real-world settings. In addition, we are 
facing multiple causalities. In general, what caused 
Chernobyl, Seveso, or the impact of hurricane Katrina 
does not refer to one single “cause” only. Cross-scale 
or cross-level interactions play a challenging role in 
complex HES, because reciprocal eff ects and (fi rst 
and higher order) feedback loops are frequent and can 
establish tricky rebound eff ects. Th us, coping with mul-
tiple impacts and interactions is a special challenge. 

 Responses of a system’s environment may be 
delayed, and developments can go on hidden from 
awareness or evolve in a manner too slow and dis-
tributed to be easily recognized (Liu  et al .,  2007 a, b). 

and biosphere are fundamentally aff ected by human 
activities. Th e human is a major agent in world material 
fl ows and the biosphere. Th is means that environmen-
tal literacy requires the analysis of inextricably coupled 
human and environmental systems, at least if we deal 
with the anthroposphere, the relevant environment of 
human life. 

 A critical issue is that the dynamics of HES are 
aff ected by processes that take place on a broad range 
of temporal–spatial scales.  Figure 14.1 * presents the 
scope of systems, ranging from the molecular level 
to the world level, represented by the ecosphere and 
biosphere. Th e two scales at the left  fringe represent 
human systems above the scale of the individual, which 
builds the kernel of this book, and few levels between 
molecule and cells, which are essential to understand 
life and the interaction of the immune system with the 
environment. As shown in  Chapter 5 , systems above 
the individual are – in general – not assumed to be 
governed by homeostasis – that is, set-point controls 
which maintain steady states at limits – but rather a 
homeorhesis, that is pulsing systems returning to and 
following trajectories. Th us, to keep the environment 
within limits adequate for human living, intentional 
control and governance that aff ects the trajectories can 
become necessary. A simple example of what the gov-
ernance of limit management with respect to infl ow 

   Box 14.1  1         Climate impacts of the agrarian society: pest impacts? 

 Until 2003, researchers thought that the anthropocenic era had begun 150–200 years ago, when the industrial revo-
lution began producing CO 2  and CH 4  at rates suffi  cient to alter their compositions in the atmosphere. However, in 
2003, Ruddiman ( 2003 ) proposed that the fi rst human infl uences on the climate occurred thousands of years ago. His 
hypothesis is based on three arguments. First, cyclical variations in CO 2  and CH 4  driven by Earth-orbital changes during 
the last 350 000 years show predictable decreases throughout most of the Holocene. However, as shown in  Figure 14.2  
(left), the CO 2  trend began an anomalous increase 8000 years ago, and the CH 4  trend did so 5000 years ago. Second, 
published explanations for these mid- to late-Holocene gas increases based on natural forcing can be rejected based 
on paleoclimatic evidence. Third, a wide array of archeological, cultural, historical, and geologic evidence points to 
 viable explanations for climate change that are tied to anthropogenic changes resulting from early agriculture in 
Eurasia, including the start of forest clearance about 8000 years ago and of rice irrigation about 5000 years ago. In 
recent millennia, the estimated warming caused by these early gas emissions reached a global mean value of 0.8 °C 
and roughly 2 °C at high latitudes. Based on analyses from two kinds of climatic models, this rate of warming was large 
enough to prevent a predicted glaciation in North-eastern Canada. Ruddiman (2007) also proposes that CO 2  oscilla-
tions of ~10 ppm in the last 1000 years are too large to be explained by external (solar–volcanic) forcing, but they can 
be explained by outbreaks of bubonic plague that caused historically documented farm abandonment in western 
Eurasia (see  Figure 14.2 b). His studies suggest that forest regrowth on these abandoned farms sequestered enough 
carbon to account for the observed CO 2  decreases. Moreover, plague-driven CO 2  changes are also thought to have 
been a signifi cant causal factor in temperature changes during the Little Ice Age (1300–1900 AD). 

  1     Th is box has been written together with Bastien Girod.  
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stressed, is not a unitary concept. We distinguish fi ve 
types of complexity.         

 First,  static complexity ; this type of complexity 
(which others might call “complicatedness”; see Ottino, 
 2004 ) is defi ned by the number of system elements and 
their relations. In environmental sciences this com-
plexity can oft en be taken from system graphs, such as 
  Forrester’s world model (see  Box 16.7 ), or a fl ow chart 
representation of technical systems such as a nuclear 
power plant (see  Box 16.11 ). Referring to the “architec-
ture of knowledge” we conceive this type of knowledge 

Th is confronts us with legacy eff ects and time lags. 
A system may experience sudden changes, which in 
fact have evolved subliminally until a certain thresh-
old is reached. Th ese critical tipping points have to be 
explored to understand non-linear behavior. General 
characteristic properties of complex systems are cir-
cular causality, feedback loops, the issue that small 
change can cause large impacts, as well as emergence 
and   unpredictability (Érdi,  2008 ; Matthies, Malchow & 
Kriez, 2001; Allen & McGlade, 1989). We can see that 
complexity has many origins and, as Allenby ( 2009 ) 

Box 14.1 (cont.)

 Nearly every aspect of this early anthropogenic hypothesis has been challenged: the accuracy of the timescale and 
therewith the resulting anomalies in CH 4  and CO 2  emissions, the issue of use of the isotopic stage 11, the ability of 
human activities to account for the gas anomalies, and the impact of the pandemics. However, Ruddiman’s response 
to this criticism (2007) reconfi rms that the late Holocene gas trends are anomalous in all ice timescales; greenhouse 
gases decreased during the closest isotopic stage 11 insolation analog; disproportionate biomass burning and rice 
irrigation can explain the methane anomaly; and pandemics explain half of the CO 2  decrease over the past 1000 years. 
However, Ruddiman (2007, p. 1) admits that “only ~25% of the CO 2  anomaly can be explained by carbon from early 
deforestation.” Considering the infl uence on the global climate of early agriculture, Kutzbach  et al . ( 2009 ) conclude 
that a full test of the early anthropogenic hypothesis will require models that include ocean and land carbon cycles 
(see also Box 4.10). Calculations of the radiative forcing of climate with special resolutions support Ruddiman’s thesis 
on the anthropogenic infl uence of epidemics and even population decline through warfare on the climate. Pongratz 
 et al . ( 2009 ) point out that although some aff ected regions may be too small to have caused impacts on global climate, 
local climate may have been altered signifi cantly. 

 Figure 14.2      Early anthropogenic hypothesis. (a) Human activities during the late Holocene caused increases in CO 2  in contrast to the 
downward trends during previous interglaciation. Late Holocene greenhouse gas increases prevented much of the natural cooling that 
occurred in previous interglaciations (from Ruddiman,  2007 , p. 2). (b) Rising CO 2  trend during the Holocene (light grey) interrupted by 
decreases during the past 2000 years. Several of the CO 2  drops may have been caused by reforestation, resulting from massive mortality 
during pandemics (from Ruddiman,  2007 , p. 3).  
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thus speak about formal models which serve to explain 
the complexity of systems through simplifi ed repre-
sentations of the system. Th e dynamic aspect of com-
plexity is very pronounced in modern societies with 
accelerating technological development and informa-
tion communication. 

 We distinguish two types of dynamics. One is pre-
dictable, gradual, and “continuous,” while the other is a 
seemingly unpredictable, unsteady, “chaotic” process in 
which the fundamental system properties may change. 

 Th ird, according to Allenby ( 2009 ),  wicked com-
plexity  emerges from the imponderabilities involved 
in human systems and the fuzzy goal defi nition when 

as “conceptual complexity,” which represents the 
cognitive process of  begreifen  (conceptualizing; see 
 Box 2.6 ). A static system model asks for defi nition of 
system boundaries and usually includes qualitative 
statements about cause–impact relationships, which 
already include a dynamic, temporal dimension and is 
linked to  erklären  (explaining; see  Box 2.6 ). 

 Second,  dynamic complexity  arises if factors among 
the systems interact and induce temporal changes. 
Unexpected behavior emerges by the continued actions 
of positive feedback loops in the system. Capturing 
complexity of this type requires defi nition of quantita-
tive relationships in the language of mathematics. We 

 Box 14.2       Societal complexity, unsustainable resource fl ows, and indebtedness: the western Roman Empire 

 The rise and fall of the western Roman Empire reveals the difficulty that societies have in establishing sus-
tainable resource flows. The great successes at the beginning of the Roman Empire (starting around 27 BC) 
stemmed from its expansions and the economic returns during the conquering phases. The return rates during 
this military and warfare-based expansion phase were initially very high. The accumulated resources of the 
conquered land increased the wealth of the mother country. However, the returns declined after the military 
process ended and was followed by an expensive administrative phase, in which the conquered country had to 
be organized and the defeated were no longer exploited to such a high degree. In short, the high return during 
expansion was only possible by ongoing conquering of new land and by taking resources from the defeated. 
Once this process decelerated or stopped, what was left was the huge Empire whose management caused large 
internal costs. 

 The late Roman Empire tried to solve these problems no longer by additional expansion but through its primary 
problem-solving institutions, i.e. the government and the armed forces which increased in complexity, size, power, and 
cost. “It became a coercive, omnipresent state that tabulated and amassed all resources for its own survival” (Tainter, 
 2000 , p. 21). 

 What the Romans did not foresee was that their military and administrative growth was no longer complemented 
by growth in wealth (from external sources). Instead, beginning with Nero (in 64 AD) they tried to solve the problem 
by debasing their currency several times. This “was a rational solution to an immediate problem” (Tainter,  2000 , p. 34) 
because the costly metals, especially silver, for the denarius coins became scarce. In the long term, however, the costs 
of self-sustaining of the empire exceeded its capabilities, because it stopped expanding while its enemies grew in 
number and strength. 

 A society must create a sustainable regime and 
prevent a consumption of its own substance. This is 
refl ected by the devaluation of the money (see  Figure 
14.3 ), which represents the indebtedness of a system 
that has not found a sustainable fl ow of resources. The 
path the Romans were on meant “increasing the size, 
complexity, power, and the costliness of the primary 
problem-solving” systems, which in turn increased the 
vulnerability of the whole empire (Tainter,  2000 , p. 23). 
Thus, the “Roman Model” of problem-solving led to 
unsustainable development, with increasing complex-
ity and costs that had been subsidized by new resources 
through further expansion. The currency debase was a 
viable strategy only in the short term; but the ongoing 
use of the same strategy (“more of the same”; Dörner, 
 1989 ) led to bankruptcy (see  Figure 14.3 ). 
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 Figure 14.3      Debasement of the denarius to 269 AD (With 
kind permission from Springer Science + Business Media: 
Tainter,  2000 , p. 21).  
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 Fift h, we face  historic complexity . Th is results from 
the cumulative, historic nature of systems, including 
path dependency. How a system is reacting or how 
and what a decision-maker is factually doing is not 
only dependent on the situation but also on the way 
they got there. Each increment of complexity is built 
on preceding steps, so that complexity seems to grow 
exponentially in time. Moreover, an increasing com-
plexity because of technological and societal advances 
demands more complex societies to manage such com-
plex   systems (Tainter, 2000).  

  14.1.3       Non-linearities and “critical 
transitions” 
 Th ere is no absolute linearity in real-world systems. 
Th us, non-linear functions or stepwise approxima-
tion by linear functions seem to be the most reasonable 
strategies to investigate relationships between certain 
variables. But in many systems, phases of relative con-
tinuity are following discontinuity. Th is can be exem-
plarily seen when modeling the population growth 
of human systems (see  Figure 14.4 ). Th e population 
growth suggests that there were fundamental system 
transitions between the food-gatherers and hunters, 
the plowmen and herdsmen of the agricultural soci-
ety, and the fuel-driven engine users in the industrial 
society. Here the invention of technologies such as the 
wheel, plow or steam engine can be seen as drivers of 

dealing with transitions, for instance, towards sustain-
able development, of real-world systems. Th at is, the 
problems are ill-defi ned and sometimes there is no 
consensus what the problem  is  or which  goal  one wants 
to achieve (Dörner,  1989 ; Scholz & Tietje,  2002 ). Th is 
type of complexity is highly dependent on the socio-
political structure and dynamics that constantly and 
inherently interacts with natural systems to general 
emergent behavior of coupled HES. 

 Fourth,  complexity of scale  emerges as we are deal-
ing with HES on completely diff erent spatiotemporal 
scales (see  Table 9.1 ).

  [Th at] the   Anthropocene arises because humans are impact-
ing not just local environments and resource regimes but 
the global framework of physical, chemical, and biological 
systems is new and challenging, in that no discipline or 
intellectual framework enabling rational understanding at 
that scale yet exists (Allenby,  2009 , p. 176).   

 Th e diff erent temporal dynamics of the interacting 
systems can lead to interferences between subsystems 
and supersystems (see the Interference Postulate P3; 
 Chapter 16.4 ). Further, the behavior of these systems 
can be qualitatively distinctive at diff erent phases of 
development (see  Figure 14.4 ). If we refer to   Holling’s 
adaptive   cycle, critical issues are in particular revolting 
subsystems in highly connected mature supersystems in 
the conservation stage (see  Figure 5.16 ). To understand 
this type of complexity, investigations focus on the con-
nectivity of diff erent systems’ elements, their interac-
tions, and their organization across various scales.    
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 Figure 14.4      Logarithmic popula-
tion growth in transitory successions 
of human social system. Adapted from 
Deevey, 1960 with permission. © 1960 
Scientifi c American, a division of Nature 
America, Inc. All rights reserved. (Data 
from Kates,  1997 ; United Nations (UN), 
1993).  
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vegetation during the mid-Holocene to desertifi cation 
nowadays, the 1929 Wall Street stock market crash, or 
abrupt changes in political systems such as the fall of 
the Soviet Union. Some of these “critical transitions” 
may be described by dynamic systems theory, such as 
chaos (Mandelbrot,  2004 ), catastrophe (Th om,  1970 ) 
or the bifurcation theory. Yet, we are still at the very 
beginning of understanding qualitative “critical tran-
sitions” (Scheff er,  2009 ; Sornette,  2003 ), which are an 
important component for environmental   literacy.  

  14.1.4     What and what not to expect from 
modeling  

  It is commonly held that mathematics began when the 
perception of three apples was freed from apples and 
became the integer 3. (Davis & Hersh,  1981 , p. 127)   

   Numbers, lines, variables, and functions are abstrac-
tions or mental models or constructs. A model strips 
away everything that is sensible and transforms a sys-
tem from a concrete real-world system to an   abstracted 
model. Mathematical modeling means to switch from 
experience to mathematics; for instance, from our 
intuitive spatial understanding to geometry (Aristotle, 
 350 BC ). If we use the language of Jakob   von Uexküll 
(see  Chapter 4.12 ) in modeling we are operating on the 
(abstract) sign level. In the conception of this book, 
models are part of the socio- epistemic world. 

 Models serve to better conceptualize, under-
stand, explain, and anticipate reality and they do it in 

regime shift s (see  Chapter 13 ). Th e growth at each level 
of society seems to be limited by the environmental 
constraints and the technological capacity to utilize 
these resources effi  ciently, and the type of social organ-
ization (see  Figure 8.5 *). Assuming that the traject ories 
of population growth at each stage of society follow 
law-like regularities, one could postulate that:

  … we are in the midst of the fi nal doubling of … the third 
great surge of the population. (Kates,  1997 , p. 37)   

   Another type of dynamics has been presented in 
  Holling’s conception of adaptive cycles.    Figure 14.5  illus-
trates the maturation process as it has been presented for 
ecological (see  Figure 5.16 ) and social systems along the 
dimension   connectedness, which means structural com-
plexity and stored exergy (i.e. the maximum amount of 
usable energy), which also is denoted as potential. Th e 
graph illustrates further that there is a kind of erratic 
or stochastic nature. We can distinguish three types of 
domains: a middle domain in which the relation can 
be described by a mean – apparently stochastic – lin-
ear relation between “potential” and “connectedness;” 
and the upper and lower bounds of the linear domain 
where we face a non-linear mean relation. Also, there is 
the domain of collapse. If a certain level of saturation is 
attained, one can observe a “  critical transition,” which 
means here an abrupt decline of potential.    

 Clearly these regime shift s are most diffi  cult to 
anticipate. We know many examples from the real 
world of such releases or collapses, such as the shift  
of the Sahel-Sahara from a region that had abundant 

 Figure 14.5      Energetic potential as 
a function of structural complexity 
in the development (succession) of 
ecosystems (based on Jørgensen  et al ., 
 2007 , p. 158, © Elsevier).  
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of certain springs. Models are not copies of the world 
but constructs of our mental capability to better under-
stand certain aspects of reality.    

 Mathematical parameters, variables, and functions 
are means of describing what is happening. Th ey can-
not explain, for instance, a causal relationship, but can 
only describe it. Explanations emerge from theories. 
Th us we conceive modeling and mathematical mod-
eling in particular as a tool or language, which helps 
us to utilize an abstract representation for describing 
more precisely and gaining insight into the dynamics 
and interactions of systems. Th e knowledge that can be 
gained by modeling goes beyond verbal or graphical 
(maximum four-dimensional representation, includ-
ing time in an animated 3D graph). 

 Models allow us to represent our assump-
tions about causalities, but do not explain them. To 
explain we need conceptual systems, which include 
terms whose role and interaction can be described, 
for instance, by mathematical formula. Here it 
makes sense to distinguish between conceptual and 
abstracted systems or models. Conceptual systems 

a systematic manner (Epstein,  2008 ).  Figure 14.6  gives 
an overview of the development of diff erent branches of 
modeling as a tool to enhance human literacy in system 
  complexity. Th is holds true for a material model of a ship, 
which is used in a fl ow channel to explore fl ow resist-
ance. It also holds true for conceptual or mathematical 
models on cause–impact relationships or dynamics of 
complex systems. In natural or engineering sciences, 
scientists are oft en formed by the idea that the truth is in 
the model. We call this the Newton and Leibniz way of 
thinking or knowledge integration, which comes from 
the belief that the laws of classical mechanics are uni-
versally valid and omnipotent models. From our per-
spective this is not true. We follow the understanding 
that each theory or model has a prototypical domain of 
intended applications in which the model can almost 
perfectly describe what is ongoing in the environment 
(Sneed,  1971 ). But for each model there are fringes 
where other factors and laws are at work. For instance, 
Hooke’s law that the power of any spring is proportional 
to the extension of a spring is only “approximately 
valid” in a tiny domain of relatively small deformation 

 Figure 14.6      Development lines of human literacy in system complexity (modifi ed from Wikipedia  http://en.wikipedia.org/wiki/Complexity ).  
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  Take into consideration the dichotomy of agency • 
and structure  
  Understand decision-making of diff erent actors, • 
taking into account alternative, potentially con-
fl icting, strategies  
  Include feedbacks in human and environment • 
systems  
  Adopt a long-range view and anticipate potential • 
future developments  
  Capture non-linearities and “critical transitions,” • 
including self-organization of systems and emer-
gent properties  
  Capture heterogeneity of states and processes in • 
space and in time, coupling multiple human and 
environmental agents  
  Provide reliable evidence with limited availability • 
of data and information.    

 Th ese requirements pertain to properties of com-
plex systems in general and to characteristics of HES 
in particular. Perhaps these requirements do not all 
apply at the same time but depend on the phenomenon 
at hand.  

  14.1.7     A taxonomy of models for HES 
 It has been argued that   modeling is a promising approach 
to analyze HES. Here we present a taxonomy of models, 
referring to the epistemic requirements stated above. 
It will be demonstrated that the diff erent modeling 
approaches show   specifi c strengths with regard to these 
requirements ( Table 14.1 ). We start with the “linear 
model,” which is based on linear equations or transfor-
mations. Th ese are the basic fundamentals of modeling 
and date back to 2000 BC (Struik,  1987 ). Systems think-
ing and system dynamics models, as the next important 
tool to model complex non-linear systems, go beyond 
linear models and are based on diff erential calculus, 
which was developed in the time of Leibniz (1646–1716) 
and Newton (1643–1727). Scenario analysis, and, in 
particular, formative scenario analysis, are options to 
address complex problems in case a cardinal operation-
alization of the variables and/or functional relationships 
among the variables cannot (yet) be provided.      

 Other than diff erential equation-based models, 
which are essentially deterministic, stochastic proc-
esses are non-deterministic in the sense that they 
include random processes. A system element or vari-
able is called random if there is no way to predict its 
outcome exactly. Th is leads to uncertainty, probability 

are built by terms from normal languages. Abstracted 
systems are: (i) formal, mathematical systems pre-
sented in a formal, symbolic language, that (ii) refer 
explicitly to natural or social science theories (Miller, 
 1978 ; Sneed,  1971 ).  

  14.1.5     Mathematical models as a 
“microscope” 
 A critical question with respect to environmental 
literacy is whether and in what manner models can 
help us to better access critical properties of HES. 
Can we magnify our image and penetrate what is 
ongoing – for example – in current or future food or 
energy supply on a world system level? We have seen 
in the history of microbiology and molecular biology, 
that the microscope has been the major instrument 
promoting progress in understanding the structure 
and function of microstructures of the organism 
(see Figure 5.1). Clearly, the data and signs from the 
microscope have to be interpreted. Similarly we can 
postulate that mathematical modeling provides new 
data, which can help to better describe, understand, 
and explain dynamism, trajectories, and regulatory 
mechanisms in HES. 

   Simulation, i.e. the imitative representation of the 
functioning of a real-world system by mathematical 
signs, can help to mimic complex systems without 
intervening into the real-world setting, which is oft en 
impossible for various reasons. We shed light on major 
modeling approaches and exemplarily reveal what core 
ideas they provide for an extended environmental liter-
acy. Simulation, in particular, off ers the opportunity of 
anticipating and investigating possible future dynam-
ics of a complex system. As such, it is considered a tool 
for sustainability   learning.  

  14.1.6     Epistemic requirements to 
analyze HES 
 Th e previous sections and chapters have demonstrated 
that a variety of epistemic requirements arise from the 
attempt to understand coupled HES comprehensively. 
Th ese include the following epistemic operations:

   Capture complexity  • 
  Include and quantify uncertainty  • 
  Acknowledge complementarity of human and • 
environment systems, including hierarchies of sys-
tems and potential interferences between them  
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situations and social dilemmas, decision theoretical 
models address the mental process within individual 
actors prior to action. Finally, we focus on multiagent 
systems, which have their root in game theory, cellular 
automata, and artifi cial intelligence. Other than in sys-
tem dynamics, multiagent models operate at the level 
of individual agents following a set of decision rules, 
resulting in emergent properties of the system at the 
level of the observed phenomena. Th e issue here is that 
this way of modeling allows for the modeling of cou-
pled material bio physical and social systems, and thus 
is an interesting approach to HES. 

distributions, and risk assessment. As we will see, 
uncertainty and probability modeling is ubiquitous. 
Th us, as we can learn from physics and chemistry, 
unforeseeable dynamics of systems, qualitative change 
of structures, “critical transitions” or unforeseeable 
collapses can also result from non-stochastic system 
dynamics. We briefl y touch on this under the label self-
organization, instability, and chaos. 

 With game and decision theory, actors, together 
with their strategies, interests, and rationales, are 
introduced explicitly. While game theory off ers the 
opportunity to formalize and to understand confl ictive 

 Table 14.1       Strengths of various modeling approaches with respect to epistemic requirements for understanding the dynamics of HES 
(indicated by  x ). 

 Epistemic 
requirements 

 Linear 
model 

 System 
dynamics 

 Probability, 
stochastics, 
risk 

 Game and 
decision 
theory 

 Cellular 
automata 

 Multiagent 
system 

Uncertainty  x  x  x  x 

 Complexity:
static complexity 
 dynamic complexity 
 wicked complexity 
 complexity of scale 
 historic complexity 

 x   x  
 x 

  x  
 x 

  x  
 x 

  x  
 x 
 x 

Complementarity 
of human and 
environment systems

 x  x  x  x 

Hierarchy, interference 
of systems

 x  x  x 

Agency/structure 
dichotomy

 x  x 

Confl icts, alternative 
strategies

 x  x  x 

Understanding 
decision-making

 x  x *  x  x 

Feedback  x  x  x 

Anticipation, long range 
view

 x  x 

Non-linearity, thresholds  x  x  x 

Self-organization and 
emergence

 x  x  x 

 Heterogeneity: - in space
- in time 

 x   x  
 x 

  x  
 x 

  x  
 x 

Dealing with limited 
availability of data and 
information

 x  x  x  x 

    * This refers to risk.    
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 For instance, life cycle analysis (LCA; Heijungs & 
Wegener Sleeswijk,  1999 ; Udo de Haes & Heijungs, 
 2009 ), material fl ow analysis (Baccini & Bader,  1996 ), 
and all variants of input–output analysis (Hendrickson 
 et al .,  1998 ; Leontief,  1966 ) are based on linear algebra, 
the mathematical fi eld dealing with linear transform-
ations. To understand the idea of the linear model in 
LCA, the reader can think about vector  Y  as all relevant 
environmental impacts that can result from one prod-
uct (or process),  X  as all material, biophysical input 
resources needed to produce this product, and the cells 
of the variables A =  a   i,j   to denote in what way the input 
resource  x   i   aff ects  y   j  . Th is idea also runs under the term 
input–output analysis (Leontief,  1966 ).  

  14.2.2     The key idea 
 Th e linear model is presumably the most simple and 
most frequently used approach to gain insight into the 
mutual relationship between two or more system vari-
ables. In the elementary case we consider two variables 
 x  and  y  that can be defi ned or measured by rational (or 
real) numbers and where the values of the one variable 
are proportional to that of another. We can represent 
this by the simple equation (see  Figure 14.7 ):     

   y ax b= +    (14.1)  

 In general, we can denote the linear model as a 
rough, simple but in many cases useful and benefi -
cial instrument or tool of modeling the interaction of 
variables in HES and other systems. Th e wide range of 
use of the linear model is revealed by the terminology. 
Depending on the context of application, the variable  y  
is also called the dependent, response, observed, meas-
ured, explained or outcome variable. Th e variable  x  is 
called the independent, manipulated, exposure, pre-
dictor or input variable. 

 To conclude this overview on diff erent modeling 
approaches, we would like to point out that beyond 
these requirements there are further challenges for 
interdisciplinary modeling to take into consideration. 
Th ese pertain in particular, fi rst, to reconciling dif-
ferent disciplinary views with regard to model valid-
ation, and second, to the problem of leaving space for 
the unknown when addressing future developments. 
Th ese challenges have to be kept in mind and investi-
gated further when applying modeling approaches for 
the analysis of HES.  

  14.1.8     Key messages  
   Th e anthropocenic redefi nition of the material–bi-• 
ophysical environment systems acknowledges the 
strong human impact in all environmental systems, 
from the atomic–molecular to the global biogeo-
chemical–cycle level. Th is requires incorporation 
of the human factor in (modeling) the material 
(natural) environment dynamics  
  Human and environmental systems are seen as • 
hierarchically layered, multiscaled, historically 
shaped, partly predictable, inextricably coupled 
complex systems, which may face linear, smooth or 
non-linear qualitative system transitions  
  Modeling is considered a promising approach to • 
analyze HES that has the potential to comply with a 
range of epistemic requirements that arise from the 
attempt to understand these systems thoroughly.      

  14.2     The world of the linear model 

  14.2.1     The linear model: the working 
horse for systems modeling 
 Th e key concept of the   linear model is  proportionality , 
which simply means that one variable  x  has a constant 
ratio to another  y , which means  x/y  = constant = a. 
Historically, the linear model developed early and is 
the simplest approach of quantitatively relating diff er-
ent variables. 

 Th e linear model is still a powerful tool of many sci-
ences, including the environmental sciences. Practical 
work with the  IPAT  model ( I = P × A × T ; see  Chapter 9.3 ) 
refers to the linear model. When calculating the envir-
onmental impact per person ( P =  1), the environmental 
impact  I , which is oft en measured by CO 2 , depends linearly 
on the affl  uence  A , which is oft en represented by the GDP 
and the level of technology, which is taken as a constant. 
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 Figure 14.7      A linear regression of two variables  x  and  y .  
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analysis. Let us assume that we have a certain set of 
 k  = 1,…k,…, K  observations ( , )x yi i  of the variables  x  
and  y  (see  Figure 14.7 ). If we assume a linear “  stochas-
tic” relationship this leads to a linear correlation and 
related methods. Th e correlation coeffi  cient tells us 
how strong the relation between the two variables is. 
If all points are on the straight line, we have a perfect 
correlation and the correlation coeffi  cient is 1. If there 
is absolutely no linear relationship, the coeffi  cient is 0. 
Th e term “stochastic” refers to a fundamental assump-
tion of linear regression that the variables show fact-
ually a linear correlation, but random factors aff ect 
the values of the (measurement of the) variables. If 
we consider ε as a stochastic error term, the equation 
(14.1) turns into:

   y ax= + ε    (14.3)  

 Clearly, we can also work with more than one 
dependent and independent variable, which leads 
to diff erent variants of multiple regression analysis 
(Bortz,  2005 ; Draper & Smith,  1998 ).  

  14.2.5     Finding a minimum number of 
system variables 
 An important and widely applied approach is   factor 
analysis. Th e issue is again complexity reduction. Let 
us assume that we have a large number of random 
variables  Y  = ( y  1 ,…, y  i ,…, y  m ). For each of these vari-
ables we have a set of observations or measurements 
of system states (i.e. , , ,, ,y y m ni i m1 … ≥ ). Factor analysis 
is a means of reducing the number of initial variables 
by postulating a small number of  k  factor variables 
 F  = ( f  1 ,…,  f  e ,…, f  k ) which incorporate all variables  y   i   
as a linear combination (i.e. y w f wi eii i= ∑ ,  are called 
 factor scores). 

 Th e key idea of factor analysis is refl ected in the 
term “principle component analysis,” which is oft en 
synonymously mentioned. Th is procedure provides 
for a larger number of correlated variables a reduced 
number of uncorrelated variables, principle com-
ponents, which can predict all variables by linear 
combination. 

 If we can fi nd few variables  f  e  (i.e. factors or prin-
ciple components) that can well explain the variation 
of the dependent variables or observed measure-
ments ,yi 1 then we may have reduced the structural 
complexity.  

 In the following, we want to sketch how envir-
onmental literacy is fundamentally extended by the 
linear model using four examples. Th ese are: (1) the 
utilization of matrix algebra to represent how multiple 
variables (linearly) transform a vector of resources 
in environmental impacts. (2) We demonstrate how 
complexity measurements can be reduced by linear 
correlation and regression. Th is is done by the use of 
the linear model in statistics, which includes methods 
such as regression analysis, factor analysis, and ana-
lysis of variance. Here, we exemplarily illustrate how 
the complexity of a model and measurements can be 
reduced by (3) factor analysis. Finally, (4), we briefl y 
illuminate the interaction of variables, which can be 
considered as the entrance of multivariate literacy 
before we sketch the linear programming models.  

  14.2.3     Representing multiple   linear 
processes 
 We are oft en not only interested in one or more 
dependent variables  y   j   which are considered as being 
a function of a set of other variables  x   i  . Th e depend-
ent variables can be diff erent types of emissions. Th e 
reader can think about the vector  Y  = ( y  1 ,… y  j ,… y  m ) as 
a set of relevant environmental damages that can result 
from  X  = ( x  1 ,… x  i ,… x  n ), which are diff erent material 
resources needed to produce a product. 

 If we assume that the values of the variables  y   i   can 
all be assessed by a linear combination of the vector 
of variables X x x x xi n

i
∑( , , , )( ),1 ... ..., e.g. , we 

can present this complex transformation by the simple 
equation  
   Y XA B= +    (14.2)  

 where  B  = ( b  1 ,…, b  j ,…, b  m ). Here  A  is a   matrix with  m  
lines and  n  rows and each cell  a   i,j   describes by what 
amount the variable  x   i   contributes to  y   j  . 

 We should note that the linear model is powerful 
and widely applied as it is oft en reasonable to transform 
non-linear relationships into linear ones by suitable 
functions. If variable  x   i   has a multiplicative impact on 
a dependent variable, then logarithmization or other 
transformations may linearize these relationships.  

  14.2.4       Regression analysis for data 
complexity reduction 
 An important fi eld using the linear model is statis-
tics, for instance (linear) correlation and regression 
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order interaction of three variables,  t ,  b , and  c  on a 
dependent variable  y . Th ere are many other cases 
with variables of diff erent levels of scale. Th e theory 
of interaction is a fi eld of statistics, in particular the 
  analysis of variance (ANOVA; see Cox  et al .,  1984 ; 
Hays,  1963 ).               

  14.2.7     How is interdisciplinarity achieved 
 In a rigid sense, interdisciplinarity is established by 
merging concepts or methods. Th us it is essential 
how and which variables are related. We can see two 
major forms of merging. One is by establishing caus-
ality between two variables originating in diff erent 
disciplines. For example, when we face the emotional 
response of anxiety regarding a nuclear power plant 
and this response can also be measured by increased 
bloodfl ow to the amygdala, then this is a case of neuro-
psychological research about the perception and 
evaluation of new technologies. Th is example shows 
organized interdisciplinarity by integrating variables 
from diff erent disciplines, which are neuropsych-
ology and technology assessment, in a (linear)   model. 
A second option is given by integrating variables from 
diff erent disciplines in a (linear) model.  

  14.2.8     Key messages  
   Th e linear model allows multiple system variables • 
to be related, and is a quantitative representation 
of how a multitude of input variables aff ect out-
puts, given certain presuppositions  

  14.2.6     Understanding interactions among 
variables 
 To understand the interaction of three or more vari-
ables is an important aspect of environmental liter-
acy. We introduce the idea through a simple example: 
consider the situation where one dependent variable 
 y  (e.g. environmental emissions) depends on two 
independent variables, which may be time  t  and dif-
ferent branches  b  =  b  1 , b  2 ,… of industry. A survey 
conducted by environmental scientists may be inter-
ested in the question of how the emissions  y  from 
different branches  b  change over time. 

 Th is is exemplarily shown in  Figure 14.8a . Th e 
middle line shows that the total emissions do not dif-
fer between the two points in time  t  1  and  t  2 . However, 
there is an interaction between the variable time  t  and 
the branches  b . Whereas for branch  b  1  the emissions 
are increasing between time and, the emissions are 
decreasing for branch  b  2 . Th is is called fi rst order inter-
action among the independent variables  t  and  b  on the 
dependent variable  y .    

 A slightly more sophisticated interaction is dem-
onstrated in  Figure 14.8b–c . Here we consider besides 
 t  and  b  a third variable  c , which can represent coun-
tries, for example. In our example we consider only 
two countries,  c  1  and  c  2 . As can be seen from  Figure 
14.8b  and  Figure 14.8c , in both  c  1  and  c  2  the emis-
sions are increasing for  b  1  and decreasing for  b  2 . One 
may diagnose (and oft en statistically verify) that the 
decrease–increase diff erence is (signifi cantly) smaller 
under  c  1  than under  c  2 . Here we are facing a second 

 Figure 14.8      Graphical representation of fi rst order and second order interactions of two variables by representing the means  x  and  y  over 
time  t .  
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  14.3       Systems theory, systems 
dynamics, and   scenario analysis 

  14.3.1     Rationale and   historical 
background 
 Systems thinking, system dynamics, and the the-
ory of dynamic systems seek to understand and to 
describe the behavior of complex systems over time. 

  The linear model can be generalized by various • 
means, e.g. by linearizing the variables (by scale 
transformations) or by logarithmization of mul-
tiplicatively related variables. There is a large set 
of statistical models developed under the head-
ing generalized linear models  
  Th e linear model in statistics is a basic model for • 
reducing complexity by interacting, reducing, and 
empirically testing interactions between system 
variables.      

 Box 14.3       Dynamic patterns in coupled HES:   collective irrigation management 

 Water is a primary natural resource and, as such, a fundamental condition for increasing agricultural productivity in 
rural areas to improve food security and to generate additional income streams for farmers through the cultivation of 
cash crops (Molden,  2007 ; Norton & Food and Agriculture Organization of the United Nations, 2004). Farmer-managed, 
collective systems are widespread and have been found to operate often very effi  ciently (Vermillion & Sagardoy,  1999 ). 
In many cases, however, cooperation may fail, leading to deterioration of irrigation infrastructure, tensions between 
upstream and downstream users, and possibly violent confl icts. Hence, the question is, whether and under what con-
ditions cooperation can be successful. This problem is considered an example of a coupled HES, where human actions 
(decisions with regard to cooperation in collective irrigation management) and the eff ects of these actions (condition 
of the irrigation system and water productivity) are integrated into a dynamic feedback system. To study possible 
dynamic patterns in collective irrigation management, a system dynamics model has been developed (Gallati,  2008 ). 

 This model refers to the theory of a critical mass in collective action (Granovetter,  1978 ; Oliver & Marwell,  2001 ; 
Schelling,  1978 ), and includes a number of infl uence factors that have been found conducive for successful common 
property resources management (Baland & Platteau,  1996 ; Lam,  1998 ; Ostrom,  1990 ; Wade,  1988 ). The model is based 
on case studies in Kyrgyzstan and Kenya. The fundamental feedback structure of the model is shown in  Figure 14.9 . 

 The model has two equilibria: the fi rst corresponding to successful, and the second corresponding to unsuccessful 
cooperation. Model results are presented for the Kyrgyz case, showing a decline of cooperation, and in turn of con-
dition of irrigation infrastructure ( Figure 14.10 a). This decline has been observed between the early 1990s and 2005. 
Variation of initial conditions or of specifi c functional relations, representing for example the eff ect of receiving suffi  -
cient water on farmers’ decisions for cooperation, may shift total cooperation to the upper equilibrium. 
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 Figure 14.9      Fundamental 
feedback structure of the system 
dynamics model for collective irri-
gation management. The number 
of users intending to cooperate in 
future depends (i) on the number 
of current cooperators, (ii) on the 
performance of the irrigation 
system (water supply), and (iii) 
on the capacity of the users to 
contribute. Distribution function 
cooperation refers to an overall 
distribution of users’ thresholds 
for participation in collective 
action, shaped by prior experi-
ences as well as by individual 
economic resources.  
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were diff erential equations, which became a powerful 
tool to describe behavior of nature. Social scientists, in 
particular economists, utilized these tools to describe 
dynamics of economic and social systems. 

 However, the description and analysis of a system 
by means of diff erential equations also has its limita-
tions, which arise on the one hand from mathematical 
properties of (non-linear) dynamic systems and on the 
other from the modeling process itself. Even elementary 
dynamic systems, such as the motion of three celestial 
gravitationally related objects, show unstable, chaotic 
behavior, as has been pointed out by Poincaré ( 1892 ). 
Moreover, it has been recognized that chaotic behav-
ior is a property of many non-linear dynamic systems 
(Lorenz,  1963 ; Schuster & Just,  2005 ). Th us, the world 
of systems described with diff erential equations is not 
as “smooth” as one might expect. On the other hand, 
one has to be aware that a model of a complex problem 
is always only one of many possible descriptions that is 
valid from a particular perspective. 

 In the late 1940s,   cybernetics evolved as a theory of 
(feedback) control of a system with regard to the envir-
onment (Wiener,  1948 ), and in the late 1950s system 
dynamics was developed to describe and analyze feedback 
mechanisms in socioeconomic systems (Forrester,  1961 , 
 1969 , 1971a, b, 2007a, b; see  Box 16.7 ; Sterman,  2000 ). 
General system theory (von Bertalanff y,  1955 ) addresses 
characteristics of systems from a more general point of 
view. Finally,   scenario analysis is an approach to deal with 
an uncertain future in a qualitative, yet meaningful, way.  

  14.3.2     Cybernetics  
  Cybernetics is a theory of control systems based on com-
munication (transfer of information) between system 

Historically, these approaches refer to physics and the 
description of the motion of physical bodies using – 
and further developing – the mathematical language 
and tools available at that time. Th e 17-year-old 
  Galileo, for instance, was interested in fi nding a law 
describing the swing of a pendulum. He could see that 
the wider the swing, the faster the motion was. He was 
surprised, when using his pulse as a chronometer, that 
it took the same number of pulse beats for a pendu-
lum to complete one swing no matter how far it moved 
(Ginoux,  2009 ). Th is led to the invention of pendulum 
clocks but also to diff erential equations. Th e term was 
fi rst used by Leibniz in 1684 and Newton to describe 
the Galileo pendulum using a second order diff eren-
tial equation. In its simple form, a (fi rst order) ordin-
ary diff erential equation describes the change  dx  of a 
target object (or variable)  x  within an infi nitesimally 
small time  dt . Mathematically this reads:

   
dx
dt

g x t= ( ),ϑ    (14.4)  

 where  g  is a continuous function describing the change, 
 t  is time, and ϑ a vector describing location, motion, 
and other state variables. 

 Mathematics became a major tool in the search for 
knowledge. Th e primary domain in which mathemat-
ical theory developed was the investigation of proper-
ties of motion of physical bodies in idealized settings, 
ignoring some environmental constraints such as air 
resistance. Th e concepts used were those of idealized 
entities of “space, time, weight, velocity, acceleration, 
inertia, force, and momentum” (Kline,  1985 , p. 98). 
One challenge was to identify the right variables, 
the other to develop the mathematical apparatus to 
describe the behavior of these entities over time. Th ese 
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 Figure 14.10      (a) Decline of 
cooperation and settle to the lower 
equilibrium of unsuccessful cooper-
ation. (b) Slightly higher initial 
cooperation may result in successful 
cooperation (upper equilibrium). 
Note:  x  axis, time;  y  axis, total cooper-
ation ratio (dmnl: dimensionless).  
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  14.3.4       System dynamics 
 System dynamics provides a set of concepts and tools 
that enable us to better understand the structure of 
complex systems. Designing eff ective policies has 
been the mission of the founders of system dynamics 
(Forrester,  1961 ,  1969 , 1971a, b, 2007a, b; see  Box 16.7 ; 
Sterman,  2000 ). Causality and feedbacks among vari-
ables in dynamic systems build the basic constituents. 

 As a modeling approach, system dynamics relies on 
three major constituents: fi rst, the concept of feedback 
loops, including autocatalytic processes; second, com-
puter simulation which allows us to utilize diff erential 
equations as a descriptive tool; and third, the notion of 
mental models which allows the participation of peo-
ple concerned in utilizing these bodies of science for a 
better understanding of societally relevant phenomena 
(see Box 14.3). 

 Th e concept of feedback loops involves the col-
lection of information about the state of the system, 
followed by some infl uencing action, which in turn 
changes the state of the system (Lane,  2000 ). Th e 
essence of the feedback concept is a circle of interac-
tions that provides a closed loop of action and infor-
mation. Th e patterns of behavior of any two variables 
in such a closed loop are linked, each infl uencing, 
and in turn responding to, the behavior of the other 
(Richardson,  1991b ). Delays and non-linearities are 
essential properties of system dynamics models. Non-
linearities, in particular, are necessary to cause shift s in 
the dominant structure of a model. Th is means that dif-
ferent parts of a system become dominant at diff erent 
times (Richardson,  1991b ). An extended discussion on 
feedback loops is provided in  Chapter 16.5 . 

 Computer   simulation is the major tool used to 
describe the dynamic behavior of the system and to 
anticipate possible future states. Computer simulation 
is essential in particular for uncovering unanticipated 
side-eff ects (Sterman,  2000 ) and counterintuitive 
behavior. We should note that computer simulation is 
not a pure analytic formula-based activity but is based 
on many constraints, assumptions, and errors under-
lying the numerical, algorithmic approximation. Th us 
there is a second layer of modeling and simplifi cation 
underlying simulation (Oliviera & Stewart,  2006 ). 

 Th e third element of system dynamics has to do with 
the involvement of practitioners and people who are 
facing specifi c problems in the modeling process. We 
call these people case agents and deal with the collabor-
ation between case agents and scientists in  Chapter 15 , 

and environment and within the system, and control 
(feedback) of the system’s function in regard to the envir-
onment. (von Bertalanff y,  1968 , p. 21)   

 In cybernetics, which concentrates on the regulatory 
mechanisms in systems, we fi nd mathematicians (Wiener, 
 1948 ), organizational scientists (Beer,  1959 ), social scien-
tists (Bateson,  1979 ), and psychiatrists (Ashby,  1956 ). In 
this book, we widely subsume cybernetics under systems 
theory. It is relevant in our context as one of the main 
targets of environmental literacy is the identifi cation 
of regulatory mechanisms. However, we should men-
tion that modern control theory is a new, mathematical 
domain in engineering that deals with modeling of feed-
back systems in engineered systems (Åström & Murray, 
 2008 ; Brogan,  1990 ). Th is approach is dealt with in some 
detail in  Chapter 16.5  (Feedback Postulate P4).  

  14.3.3       Systems theory 
 Systems theory originated in the 1920s from biology when 
explaining the interrelationship between organisms and 
their related ecosystems by a “discovery of the prin ciples 
of organization at its various levels” (von Bertalanff y, 
 1968 , p. 12). Besides the hierarchical structure and the 
inner organization, the interaction with the environment 
(see  Figures 3.3 * and  17.1 *) has been a key topic.

  Living systems are open systems, maintaining them-
selves in exchange of materials with environment, and in 
continuous building up and breaking down of their com-
ponents. (von Bertalanff y,  1950b , p. 23)   

 Th is distinction between  open  and  closed  systems was 
particularly important and led to further investigation 
of open systems and irreversible processes in physics, 
chemistry, and biology. Th e cell and the organisms, for 
example, are open systems and thus can never attain 
true chemical equilibrium. 

 Systems theory is general, as we can speak about 
physical, biological, human, social, technical, and 
many other systems. Systems are described verbally or 
with formal, mathematical languages, and a distinc-
tion between concrete real-world systems, abstracted 
verbally described and abstracted mathematically 
described systems has been introduced. Systems the-
ory has been formed by giants of thinking, among them 
biologists (Miller,  1978 ; von Bertalanff y,  1950a ), econ-
omists (Boulding,  1956 ; Parsons,  1951 ), psychologists 
(Rapoport,  1996 ), or physicists (Capra,  1996 ; Nicolis 
& Prigogine,  1989 ; von Foerster,  1987 ), who all made 
important contributions to the philosophy of science.  
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 Th is may illustrate that in the context of environ-
mental literacy the roots of system dynamics are more 
related to social science and to the “systems movement” 
(Schwaninger,  2006 ) than to cybernetics. Richardson 
( 1991a ) argues that the origins of system dynamics are 
to be found in the servomechanical thread, oriented 
towards the combination of economics and engineer-
ing, and interested in understanding complex problems 
with feedbacks, rather than in adjustment processes 
and information transfer, as it applies to   cybernetics.  

  14.3.5     How is   complexity reduced 
 Reduction of complexity is achieved, fi rst, by structur-
ing “messy,” ill-defi ned or “wicked” problems, second, 
by evaluating and exploring individual components of 
the models and thus assessing their infl uence on the 
behavior of the whole model, and third, by attempt-
ing to discern model structures that are as simple as 
possible yet which still generate the essential dynamics 
of the system. Such model structures are referred to as 
“generic models” (Lane & Smart,  1996 ), although a rig-
orous defi nition of generic structures is still missing. 

 Th e fi rst point includes problem defi nition, which 
comprises the defi nition of the   system boundaries and 
the problem-solving focus by a guiding question. Th is 
is an important step in structuring messy problems. 
Th is process of problem-forming, however, is shaped 
by perspectives and knowledge of the people involved. 
As such, it can be considered a fi rst step in a mutual 
learning process creating a shared reality among the 
people involved (Checkland,  1981 ; Eden  et al .,  1983 ; 
Phillips,  1984 ; Vennix,  1996 ). 

 Th e second and third points are intimately related 
to the primary focus of system dynamics on structure, 
generating a certain observed behavior. A (system 
dynamics) simulation model off ers the opportunity 
to assess the infl uence of individual components of a 
model, and also of alternative model formulations, on 
the behavior of the model. As such it can be considered 
an experimental design that can be used to explore the 
eff ect of individual parts on the overall model behavior, 
possibly leading to a reduction in complexity. Generic 
models in particular seek to identify models that con-
centrate on the minimum structure necessary to create 
a particular mode of behavior (Forrester,  1968 ).  

  14.3.6     How is interdisciplinarity achieved 
   System dynamics is considered a valuable candidate 
for interdisciplinary and transdisciplinary studies 

on transdisciplinarity. It has been recognized that one 
of the major contributions of a system dynamics model-
ing process is to stimulate learning processes amongst 
involved people (Morecroft  & Sterman,  1994 ). It can 
also be said that the goal of a system dynamics inter-
vention is to create shared inter-subjective meaning 
(Vennix,  1996 ) and to provide insight to key agents in 
a presumed functioning of the system, for instance for 
anticipating potential policy actions:

  Th e goal of a system dynamics policy study is 
 understanding – understanding the interactions in a 
complex system that are conspiring to create a problem, 
and understanding the structure and dynamic implica-
tions of policy changes intended to improve the system’s 
 behavior. (Richardson,  1991b , p. 164)   

 Th is understanding is built around a dynamic hypoth-
esis, which is the idea that a certain causal structure 
explains a certain dynamic behavior (Lane,  2000 ). Th is 
notion of a “dynamic hypothesis” is fundamental and 
is closely connected to the endogenous perspective 
adopted in system dynamics. Th e system dynamics 
model thus belongs to the category of causal, theory-
like models claiming to generate the “right output 
behavior for the right reasons” (Barlas,  1996 , p. 186). 
Th us, we consider a major benefi t of system dynam-
ics modeling to be that it shows the dominance of the 
underlying system’s structure over the eff ect of a change 
of single variables to achieve a desired system change. 

 System dynamics makes the fundamental claim 
that the evolutionary behavior of a social system over 
time is explainable in terms of feedback loops and state 
variables (Richardson,  1991b ). Th e concept of feedback 
thinking in system dynamics is intimately linked with 
the concepts of interdependence and circular causality, 
with a rich history in the social sciences (Richardson, 
 1991a ). Th is observation points to a substantial affi  n-
ity between system dynamics and the social sciences. 
System dynamics allows “that the environment that con-
trols human decision making is  itself  made by human 
decisions” (Lane,  2000 ; emphasized in the original) is 
to be taken into account. Lane ( 2001 ), with reference to 
  Giddens’ structuration theory (see Figure 9.1), consid-
ers system dynamics an approach that has the potential 
to implement agency and structure integrating theories 
as it acknowledges the relevance of agency as well as of 
structure in their mutual (dynamic) relationship. Th us, 
by describing and analyzing such refl exive structures 
(see  Figure 16.13 ), system dynamics has the potential 
to contribute to the social sciences. 
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the case agents based on endogenous variables, and the 
frame scenarios have to be defi ned separately or whether 
they are incorporated in an integrated model. 

 To describe the current state of a system and possible 
future states (both of action and frame scenarios), scen-
ario analysis uses a set of variables or descriptors  D  = 
( d  1 ,…, d  i ,…, d  n ). Th ese descriptors are not  necessarily 
seen as many variables, but they can also be seen as dis-
crete variables which can have two or very few levels. 
Th ese descriptors are called impact factors and should 
have the capability of describing the current state and the 
future changes of a system adequately and suffi  ciently. 

 In the case of urban development, for instance, the 
variables can come from the social (e.g. values, social 
classing), economic (e.g. income, energy prices), or 
environmental (e.g. emissions, impacts on ecosystems) 
side. If we can defi ne diff erent levels of each of these 
impact factors (e.g.  d   i   1  = low income,  d   i   2  = high income) 
we can defi ne scenarios: a scenario is simply a “com-
plete combination of levels of impact factors” (Scholz & 
Tietje,  2002 , p. 105).  

  14.3.8       Formative scenario analysis 
 A formative scenario analysis (FSA) provides, on the 
one hand, a strictly organized method to construct sce-
narios that include the same specifying information on a 
fi xed set of variables. Th is is already included in the above 
defi nition of scenarios. FSA also includes techniques to 
select a small set of scenarios that represent the possible 
states in a suffi  cient manner. Th is can be done by con-
sistency analysis, i.e. by only selecting those scenarios 
whose combination of levels of   impact variables are 
considered possible or not overly unlikely (Tietje,  2005 ). 
On the other hand, the term  formative  indicates that the 
process of defi ning scenarios is giving form to the case 
for which the scenario is built. Th is can be understood 
in an epistemic mental way, as has been described above 
for system dynamics. In particular, when future scenar-
ios are jointly formed by stakeholders and scientists in 
a transdisciplinary process (see  Chapter 15 ,  Box 15.1 ), 
the forming of scenarios may have an impact on the case 
itself as all act with a desired or undesired future scen-
ario in mind. Factually, this has been the case in many 
transdisciplinary case studies on sustainable transform-
ations of regional, organizational, and political settings 
and processes (Scholz  et al .,  2006 ). Th us, the process of 
scenario construction may have a formative component. 

 Th e FSA approach includes various techniques to 
construct mental models of how the impact factors are 

for several reasons. From its origin the method is not 
related to any specifi c discipline and, as such, it quali-
fi es for interdisciplinary studies – on the condition 
that the problem can be properly described in a way 
that is adequate to system dynamics (by means of state 
variables, feedbacks, and causal relations). In particu-
lar, it is possible to construct causal relations between 
variables that belong to diff erent disciplinary-rooted 
domains. In practical modeling, however, one has to 
take into consideration that, owing to the high level of 
aggregation, these relationships may represent pure 
(non-linear) correlations or contingencies rather than 
genuine causal explanations. 

 With its orientation towards creating a shared and 
improved understanding of a problem, system dynamics 
contributes to interdisciplinary and transdisc iplinary 
studies, providing both a language and a process of 
group interaction (Lane,  2000 ). In this perspective the 
process of building a model starts from the diff erent 
perceptions of the participants and, by systematically 
eliciting and sharing their “mental models,” aims at 
creating a more complete problem representation.  

  14.3.7     Semiquantitative system analysis 
by scenario analysis 
 When dealing with complex systems such as regional 
or organizational systems, we are oft en able to identify 
the key system elements or variables that we consider 
essential for describing the state and the systems change 
without being able to represent the dynamics and the 
interrelationship between aspects by diff erential equa-
tions or real number-based mathematical functions. 
Th is is the situation in which scenario analysis can be 
applied (Scholz & Tietje,  2002 ). 

 Th e method of scenario analysis was developed 
aft er World War II in strategic military and business 
planning. Th e initial idea was that scenario analysis 
was to describe what alternatives may emerge and how 
a system develops (Kahn & Wiener,  1967 ). 

 In simple terms, scenario construction is built on 
incorporating all essential variables that are necessary to 
describe the current state and the future development 
of a system. Here, we can distinguish between endogen-
ous, action-based variables involved which represent the 
measures of the key case agents. In addition, there are 
exogenous variables that represent the salient changes in 
the environment. A critical question to be answered in 
scenario construction is whether the action scenarios, 
which describe the decision alternatives or strategies of 
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  System dynamics is a  • descriptive tool . Th e current 
practice involves and relates variables of material–
biophysical systems with those of social–epistemic 
systems in an open way. Special attention should be 
paid to refl ecting causalities and diff erent ration-
ales of human and environmental systems as well 
as discontinuities  
  Formative scenario analysis is a coarsened system • 
model in which only levels of impact factors (and 
not real value-based functions) serve for system 
description and for constructing possible future 
states.      

  14.4     Self-  organization, “  critical 
transitions,” and chaos 
 In this section we come back to non-linear dynamic 
systems. Th ese systems can be described by diff eren-
tial equations, as has been stated above, and be classi-
fi ed according to their equilibrium states, which may 
be stable fi xed points or limit cycles. A third possi-
bility is that the system might show an erratic, aperi-
odic behavior and settle onto a “strange attractor” 
(Strogatz,  1994 ,  2001 ). Under the condition that the 
system is also sensitive to initial conditions, chaotic 
behavior is generated (Schuster & Just,  2005 ). Th is 
sensitive dependence on the initial conditions is called 
the “butterfl y eff ect” (Lorenz,  1963 ), which reads in its 
classic shape that the fl apping of the wings of a butter-
fl y in South America today could result in a typhoon 
in Japan next month. Th us, non-linearity is a neces-
sary, but not a suffi  cient, condition for the generation 
of chaotic behavior. “Th e observed chaotic behavior 
is due neither to external sources of noise nor to an 
infi nite number of degrees of freedom” (Brown, 1996, 
p. 53), but precisely because of this property of sep-
arating initially close trajectories. For these reasons, 
this behavior has been termed   deterministic chaos 
(Schuster & Just,  2005 ). 

 Diff erent routes to chaos have been investigated 
mathematically and verifi ed experimentally (see 
Schuster & Just,  2005 ). To illustrate a particular route, 
we refer to the one proposed by Grossmann and Th omae 
( 1977 ), Feigenbaum ( 1978 ), and Coullet and Tresser 
( 1978 ). Th ey noticed that in simple diff er ence equa-
tions, such as the logistic diff erence equation (equation 
14.5) used to describe populations in ecology, the equi-
librium states of the system change, depending on an 
external parameter. At a distinct value of this parameter, 

related, what relative importance they have in changing 
the status quo scenario, and what combinations and 
future scenarios are considered impossible because of 
(logical) inconsistencies between the levels that subsets 
of scenarios can take (Scholz & Tietje,  2002 ).  

  14.3.9     Intergovernmental Panel on Climate 
Change   scenarios 
 Th e scenario technique became famous by the 
Intergovernmental Panel on Climate Change (IPCC) 
scenarios. Th ese scenarios are a combination of dif-
ferent assumptions about key impact variables with 
regard to diff erent social, economic, and technological 
developments. Th e scenarios have changed since 1990 
regarding underlying assumptions and applied meth-
ods (Girod  et al .,  2009 ). Based on these scenarios, the 
future development of greenhouse gas emissions, tem-
perature, and precipitation in diff erent regions have 
been calculated with classical diff erential equation-
based models.

  Future greenhouse gas (GHG) emissions are the prod-
uct of very complex dynamic systems, determined by 
driving forces such as demographic development, socio-
economic development, and technological change. Th eir 
future evolution is highly uncertain. Scenarios are alter-
native images of how the future might unfold and are an 
appropriate tool with which to analyze how driving forces 
may infl uence future emission outcomes and to assess the 
associated uncertainties. Th ey assist in climate change 
analysis, including climate modeling and the assessment 
of impacts, adaptation, and mitigation. Th e possibility 
that any single emissions path will occur as described in 
scenarios is highly uncertain (Intergovernmental Panel 
on Climate Change. (IPCC),  2000 , p. 3)   

 Th e last sentence of this quote stresses that there 
is no technique which allows for describing the likeli-
hood of scenarios.  

  14.3.10     Key messages  
   Systems thinking contributes to an improved, • 
refl exive understanding of feedback structures of 
coupled HES by providing mental models on how 
systems may evolve. System dynamics supports this 
exploration by providing quantitative simulation 
models, focusing on explaining model behavior by 
its underlying structure  
  One goal of systems thinking and system dynamics • 
is understanding and anticipating implications of 
human policy and its changes  
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hysteresis may occur (Scheff er,  2009 ). Critical tran-
sitions take place if these alternative stable states are 
separated by an unstable equilibrium and no “smooth” 
transition is possible (see  Figure 16.10 ). Hence, if the 
environmental conditions change, the system may 
undergo a “catastrophic” shift  to an alternative stable 
state. It has to be noted that, owing to this confi guration, 
the “forward” and the “backward” shift  between these 
states do not occur at the same environmental condi-
tions. Th is property, known as hysteresis, implies, fi rst, 
that such critical transitions are not easy to reverse, and 
second, that the history of the processes matters. 

 An interesting issue is that we face a seemingly ana-
log property in the perceptual processes with respect 
to ambiguous fi gure-ground confi guration. If we look 
from the left  to the right of  Figure 14.12 , the fi gure-
ground confi guration fl ips later than when starting 
from the right side (Haken,  1996 ).    

 It was one of the major objectives of the theory of 
non-linear systems to describe the formation of (tem-
poral, spatial and spatiotemporal) patterns and to dis-
cern general principles governing self-organization 
of elements in systems independent of their nature 
(Érdi,  2008 ).   Haken has proposed a theory of self-
organization, for which he coined the term “  synerget-
ics,” as “a theory of the emergence of new qualities at 
a macroscopic level” (Haken,  1996 , p. 23). One of the 
central concepts in this theory is the concept of order 
parameters, which says that, close to the transition or 
instability points, the behavior of a complex system can 

the single stable fi xed point becomes a limit cycle, where 
the population oscillates between two values. Th is tran-
sition is called a   bifurcation. With increasing values 
of the external parameter, the population oscillates 
between four, eight and, fi nally, an infi nite number of 
fi xed points, where the variation in time of the popula-
tion becomes irregular and chaos is attained (Schuster 
& Just,  2005 ; see also  Figure 14.11 , which shows a bifur-
cation diagram of the logistic diff erence equation).    

 Th e logistic diff erence equation reads as follows, 
with  r  as the external driving parameter:

   x rx xn n n+ = −(1 1 )  (14.5) 
 Th ough the cradle of these theories is defi nitely in 

the natural sciences, in particular physics and chemis-
try, there are many attempts to apply the key concepts 
and dynamics to social systems. Th e idea is that – from 
a complexity perspective – fundamental system prin-
ciples, which govern certain material– biophysical 
systems dynamics, also govern the dynamics of socio-
epistemic processes in human systems (Helbing,  2007 ; 
Schweitzer,  1997 ; Sornette,  2000 ; Weidlich & Haag, 
 1983 ). To illustrate this we focus here on selected 
aspects of the theory of non-linear systems that are 
relevant for the study of HES, in particular on “critical 
transitions” and hysteresis as well as on pattern forma-
tion, self-organization, and emergence. 

 Th e study of transitions between diff erent dynamic 
states is at the heart of non-linear dynamics. If a system 
has alternative stable states, “critical transitions” and 
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 Figure 14.11      A route to chaos: bifur-
cation diagram of the logistic diff erence 
equation. Convergence to fi xed point for 
 r  < 3, oscillation for  r  > 3, with  x   n   oscillat-
ing between four, eight and, fi nally, an 
infi nite number of values, which means 
chaos.  
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the behavioral, decision-based dimension of human sys-
tems’ actions with uncertain negatively evaluated envir-
onmental impacts emerging from these actions. All four 
concepts can be found in all domains of sciences and life. 
Coping with stochasticity and properly incorporating 
uncertainty and risk in decisions systems understand-
ing opens a new perspective and is an essential aspect of 
complexity management. Here, we only briefl y pinpoint 
key essentials of environmental literacy. 

  14.5.1     Uncertainty and ignorance 
 Uncertainty is in knowledge or in the data. Th is fun-
damental statement departs from the socio-epis-
temic vs. material–biophysical complementarity (see 
 Figure 3.3 *). It leads to a similar fundamental onto-
logical question whether randomness or random proc-
esses are something that exist in material–biophysical 
systems. When answering this question, we can see 
only two fi elds where uncertainty is fundamental. 

 Th e fi rst is radioactive decay. Th e standard quan-
tum mechanics theory is that there is a genuine stoc-
hastic process on the atomic level. It is impossible to 
predict when a certain atom decays, though by the 
concept of half-life we can predict what percentage 
of a pool of atoms will decay in a certain period. Th e 
discussion about the hidden variable theory goes back 
to 1935 and is rooted in the assumption that there are 
unknown deterministic theories about decay inducing 
processes, which allow for a prediction. However, aft er 
40 years of experimentation “a conclusive experiment 
falsifying in an absolutely uncontroversial way local 
realism [of stochasticity] is still missing,” thus there 
“are strong indications favoring standard quantum 
mechanics” (Genovese,  2005 , p. 385). We can conclude 
that quantum mechanics leaves the question open as to 
whether “nature,” here meaning the material–biophysi-
cal dimension of the world, is intrinsically probabilistic 
or whether quantum mechanical random phenomena 
derived from our ignorance of some theories about hid-
den parameters and therefore underlying deterministic 

be characterized by only a small number of parameters. 
An example of self-organization in biology is presented 
in  Box 14.4 , with a transition of amoebae-like cells to a 
single, larger organism. 

 Self-organization and emerging structures in social 
systems have been widely investigated (Gilbert,  1995 ), 
and it has been recognized that in social systems cer-
tain properties on a societal level emerge from the 
local rules that individual actors follow. A well known 
example is the segregation model of   Schelling ( 1971 ), 
showing segregation of diff erent groups of agents 
because of local preferences about their neighborhood. 
Th e issue of emerging properties in complex systems 
will be further pursued in  Chapter 14.7 .         

  14.4.1     Key messages  
   Material–biophysical and socio-epistemic systems • 
can show instability, chaos, processes of self-organ-
ization, and pattern formation  
  Even deterministic systems can show unpredictable • 
and chaotic behavior. As a consequence, non-linear 
modeling tools are required  
  Th e history of a system matters: in non-linear • 
systems   hysteresis may occur, meaning that the 
response of a system to a certain cause depends on 
the previous development of this system.      

  14.5       Uncertainty, probability, 
stochastic processes, and risk 
assessment 
 We start with a clarifi cation of the terms used in this 
section.  Uncertainty  appears if we have incomplete 
knowledge with respect to the state of a specifi c object 
or system.  Probability  is a key concept of the language 
of uncertainty and will be dealt with in some depth in 
 Chapter 14.5.2 .    Stochastic processes  are sequences of 
events where there is real or cognized indeterminacy 
about future states.  Risk  is a genuine concept that links 

 Figure 14.12        Hysteresis in human perception. A switch from a human face to a kneeling woman or vice versa takes place later if your eyes 
move from the left to right compared to if they move from right to left.  
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randomness that is the Heisenberg uncertainty prin-
ciple. Th is principle states that we cannot determine 
both position and momentum of an electron and 
thus uncertainty in the knowledge is indispensable. 
However, this theorem does not make any statement 
about the intrinsic stochastic nature of the mater-
ial world. Th e uncertainty refers to the unknowable 
ignorance and not to the stochasticity of the material–
biophysical world.  

processes are at work. Einstein’s famous quote does not 
give the answer:

  Quantum mechanics is certainly imposing. But an inner 
voice tells me that it is not yet the real thing. … I, at any 
rate, am convinced that  He  [God] does not throw dice. 
(Einstein,  1926/1971 )   

 Th ere is a second theorem of quantum mechanics, 
which is commonly seen as the materialist cradle of 

 Box 14.4       Emerging systems:   slime mold 

 The slime mold appears to be a fungus-like organism, which can be found all over the world in soil, forest fl oors, mulch, 
and similar settings. It starts the life cycle as amoebae-like cells and spend most of its life as an amorphous setting of 
distinct single-cell units, each moving separately from the others. Under certain conditions, when the environment is 
less hospitable, the myriad of single cells coalesces into a single, larger organism. Some crawl across the fl oor, consum-
ing rotting leaves and wood as they move. They are an example of equipotent cells, which may self-organize into well 
distinguished clusters and regions (Haken,  1983 , p. 9). 

 The cellular slime mold ( Dictyostelium discoideum ) “forms a multi-cellular organism by aggregation of single cells. 
During its growth phase the organism exists in the state of single amoeboid cells. … these cells aggregate, forming 
a polar body along which they diff erentiate into other spores or stalk cells; the fi nal cell types constitute the fruiting 
body” (Haken,  1983 , pp. 11–12). The reason for this is that the cells emit specifi c chemicals (called adenosine 3’5 mono-
phosphate, i.e. cAMP molecules) as pulses into their environment. These messenger molecules are perceived as stim-
uli by other cells, resulting in a collective emission process which leads to a concentration gradient of the messenger 
chemical. Thus the single cell can measure the direction of the gradient and migrate to the center. The resulting pro-
cess is displayed in  Figure 14.13a .  Figure 14.13b  shows how a sample of slime molds (“they”) has become an organism 
(“it”). Slime mold can be taken as an example that the boundary between a protozoal being and an organism may be 
fuzzy (see  Chapter 5.5  on the immune system as a cognitive system). 

 The process is an example for an environment-driven regulatory mechanism based on effi  cient, genetically 
programmed (cAMP emission-based) adaptation strategies. The process of slime molds can be mathematically pro-
grammed and visualized (Resnick,  1999 ). 

 Figure 14.13      (a) Wave pattern 
of chemotactic activity in dense 
cell layers of slime mold (taken 
from Haken,  1983 , p. 23, with kind 
permission from Springer Science 
+ Business Media). (b) The tropical 
long net stinkhorn mushroom 
( Phallus indusiatus borneo ) is up to 
30-cm tall and girded with a 
net-like structure, the indusium 
(photo by David Kolba).  
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adequate, for instance, for an environmental variable, 
say the air pollution in the vicinity of a heavy metal-
emitting source of contaminants. Th e answer is that this 
depends on how the diff erent terms causing variability 
are related. According to the central limit theorem, the 
sum of an infi nite number of independent random vari-
ables (with about the same fi nite mean and variance) is 
normally distributed. In addition to such additive eff ects 
and in accordance to the central limit theorem, many 
small multiplicative eff ects lead to log-normally dis-
tributed variables. Both forms of variability stem from a 
variety of eff ects, each one acting independently.  

  14.5.3     Random processes 
 Th e theory of   stochastic processes has been the back-
bone of statistical physics. Stochastic processes pro-
vide models for physical phenomena such as Brownian 
motion, which assumes a great number of independent 
and randomly moving and colliding molecules. Other 
examples are thermal noise, causing fl uctuating volt-
age in electric networks or – if we refer to biology – the 
spatial spread and distribution of plant and animal 
communities or the spread of epidemics. 

 A critical question is whether random processes are 
also at work in socio-epistemic processes. Clearly, we 
can use Markov chains or more sophisticated opera-
tions such as the Langevin equation, which is central 
for Brownian motion, and apply these concepts to the 
study of human systems, e.g. the interaction of individ-
uals on the stock market (Sornette,  2000 ,  2003 ). Still, 
the answer is no  and  yes. No means that the processes 
are aff ected by unforeseeable discrete events, which 
are not appropriately captured by the abovementioned 
concepts. Yes means that some dynamics of human 
system show defi nite similarities with material–  
bio physical dynamics, which as a consequence may 
provide a conceptual and mathematical framework to 
be applied to social systems.  

  14.5.4     Risk assessment and decisions 
 We focus here on a selected number of fundamental 
aspects of risk and   risk assessment relevant for envir-
onmental literacy:

Risk is a component of decisions, because the riski-
ness of a decision alternative is incorporated into the 
evaluation of the desirability, attractiveness, and the 
anticipated satisfaction or utility of the outcomes 
related to a decision alternative. 

  14.5.2     Probability   
 As it is with many of our language terms, probability 
has many notions. We speak about the concept fi eld of 
probability (Scholz,  1987 ). Th is fi eld has a main divid-
ing line between objective (data-oriented) and subjective 
(knowledge-oriented) probability. Both subfi elds have 
many subfacets. For instance, there is the Laplace prob-
ability, which is based on equal probability; there is the 
von Mises–Reichenbach frequentist probability, or area 
size-based probability; and there is the de Finetti defi n-
ition of probability as a degree of belief. All these notions 
of probability have prototypical applications such as the 
toss of a coin or the throw of a dice, or being hit by a 
snowfl ake. All these concepts of probability also have 
in common that they meet the axioms of Kolmogorov 
(Fine,  1973 ; Hacking,  1975 ). Each notion or facet of 
probability is linked to an idea about the generation or 
mechanism of defi ning the likelihood of events. 

 At the fringes of the concept fi eld we fi nd quanti-
tative conceptions of subjective probability, such as 
the Shafer–Dempster belief functions (Shafer,  1976 ), 
Baconian probability (Schum,  2001 ), or Cohen’s prob-
ability theory (Cohen,  1977 ), which are variants of 
subjective probability. In accordance with Bayesian 
reasoning, these approaches provide conceptions on 
how the cognized uncertainty about the truth of a cer-
tain state can be meaningfully adjusted if new informa-
tion and evidence is provided. However, the concepts 
at the fringes of the probability fi eld do not follow the 
Kolmogorov axioms. For instance, the probabilities of 
all possible events may not add up to 1. Th is also holds 
true for the fuzzy set-based approach towards uncer-
tainty (Zadeh & Kacprzyk,  1992 ). 

 An interesting variant of subjective probabil-
ity is Walley’s concept of imprecise probability. Th is 
approach assumes that the exact subjective probability 
is unknown but that the range in which it is located can 
be estimated if we take:

  … the lower probability to be the maximum rate at which 
you are prepared to bet on an event, and your upper prob-
ability to be the minimum rate at which you are prepared 
to bet against the event. (Walley,  1991 , p. 3)   

 We should note that random variables usually map 
events to real numbers (or into a measurable space), 
and that probability distributions are a well established 
procedure to include uncertainties of such variables in 
modeling. 

 A critical question of stochastic modeling is what 
type of probability distribution is assumed to be 
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risk assessment is based on well defi ned methods, 
which defi ne what situation (and thus what negative 
outcomes or hazards) we are facing. In the past few 
decades it has become a dominant scientifi c tool to 
protect public health and the environment.  

  14.5.5     Steps of risk assessment 
 In principle, risk assessment includes fi ve stages (cf. 
Paustenbach,  2002 ; Scholz & Siegrist,  2010 ). 

 First, the risk situation is defi ned. Th is includes deter-
mining the specifi c alternatives that are looked at in a 
specifi c risk assessment. In public health this may mean 
that we have to defi ne which people should be looked at 
in what place and at what time. Th e decision alternatives 
may result from distinguishing between being in a crit-
ical situation and being not in a critical situation. 

 Second, in the case of pure risk the negative eff ects 
have to be described. In the public health case this 
would require specifying whether we look at the gen-
eral wellbeing, a specifi c dysfunction of an organ, or 
just at a critical concentration of a contaminant in a 
certain compartment or organism. 

 Th ird, for a given risk situation the factual exposure 
of a safeguard object has to be defi ned. Th is may mean 
that we have to defi ne how much of the contaminant is 
ingested by food, breathing, or other paths, and in what 
circumstances. 

 Fourth, the dose–response relationship (i.e. the 
sensitivity) has to be assessed. Th is means clarifying 
how much the negative impacts depend on exposure. 

 Fift h, the risk has to be characterized by estimat-
ing the frequency and the meaning of a negative eff ect 
under the various conditions of exposure described 
and with respect to the object of interest. 

 A possible method of risk assessment is inductive–
stochastic risk assessment. Th e idea behind this is that 
when we are facing a risk (resulting from action or of 
being exposed), we have to construct the impact from 
the source of the risk (e.g. a cadmium-contaminated 
ground) to a critical compartment in a safeguard object 
(e.g. the cortex of the kidney of a home gardener eat-
ing vegetables from this ground). Th us, we are viewing 
chains such as contaminated ground → contaminated 
plant (modeled by transfer coeffi  cients) → contami-
nated food → intake of contaminated food (modeled 
by combining contaminants of the home garden) → 
adsorbing the contaminants → transporting it to the 
sensitive safeguard object (modeling toxicokinetics to 
the cortex of the kidney) → assessing the probability or 

 Risk is a primitive, one of the simplest and most 
basic elements of a body of knowledge, and thus is a 
fundamental concept in the sense of Kant. Everybody 
knows that risk has something to do with the negative 
uncertain outcomes related to decisions. 

 We diff erentiate  risk  from  hazard  (Luhmann,  1990 ). 
If we talk about risk, the exposure of a human system 
depends on decisions and on how the human system is 
behaving. A hazard is given independent of an action. 

 Risk is a concept fi eld. In this fi eld we can distin-
guish between   pure and speculative risk. Pure risk only 
focuses on the negative outcome. Speculative risk, how-
ever, weighs the negative and the positive outcomes, 
the prospective outcomes of a decision refl ecting the 
common sense thought: if you are facing risk, there is 
a chance (to win). In economic terms we distinguish 
between benefi t risk and cost risk. Which concept of 
risk, pure or speculative, is in the foreground, has var-
ied historically and shift s between situations. Th e ori-
gins of the probability-based risk concept date back to 
the era of Chevalier de Méré (1607–1684), when it was 
the noblemen’s dilemma to indulge in gambling with 
the objective of keeping losses to a minimum. Later, 
with the rise of the industrial age, it was merely the 
costs to gain access to the benefi ts tied to new technolo-
gies that were in the foreground. Th is led to the simple 
formula: risk is probability times losses. Risk is diff er-
ent from danger (see  Chapter 6.19 ). 

 Risk can be formally defi ned. From a decision the-
ory perspective, risk is a function of accessing the choice 
alternatives  A  i  ∈  A  and the probabilities ( p   i ,1 ,…,  p   i,N   i   ) =  p  i  
∈  P , which are linked to the possible outcomes ( E   i ,1 ,…, 
 E   i,N   i   ) =  E  i  ∈  E  resulting from choosing alternative  A   i  . 
Th ese concepts describe a   risk situation. A risk situation 
is a model that precisely describes the situation  g  when 
dealing with risk. A risk function  r  is a mapping from the 
set of all risk situations to the space of risk cognitions of a 
human system. Th e space of risk situations is  R  = ( A , P , E ) 
and the image set represents what a certain decision-
maker understands by risk in a specifi c situation. Th is 
can be quantitative risk scores, like the expected loss, the 
largest loss, or the probability of having a loss, to men-
tion but three variants of the quantitative facets of the 
concept fi eld of risk. But there can also be qualitative 
representations of risk, such as considering something 
dreadful and uncontrollable, as has been outlined by the 
psychometric paradigm (see  Chapter 6.20 ). 

 Risk  assessment  is part of risk  management . 
Contrary to risk  perception , which denotes the psy-
chological process of an individual in a risk situation, 
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  … the degree to which a system is susceptible to, or unable 
to cope with, adverse eff ects of climate change, including 
climate variability and extremes. Vulnerability is a func-
tion of the character, magnitude, and rate of climate vari-
ation to which a system is exposed, its sensitivity, and its 
adaptive capacity (McCarthy,  2001 , p. 995).   

 Adaptive capacity relates to the means upon which 
a human system can rely to take adaptive actions aimed 
at avoiding or coping with the negative eff ects of a 
risk situation (Metzger  et al .,  2006 ; Füssel,  2007 ). Th is 
means that when facing a risk situation, action can be 
taken that alters the exposure of that system to a specifi c 
hazard and/or the sensitivity with which the system is 
aff ected by this event. In other words, the decision-
maker has the capability to change the risk situation. 
In that sense, vulnerability is a component of the wider 
concepts of risk governance (e.g. International Risk 
Governance Council (IRGC), 2009) and adaptive risk 
management (reference). Th e   vulnerability concept 
can be defi ned quantitatively or qualitatively. As will be 
further elaborated in  Chapter 14.8 , on multiagent sys-
tems, the options of specifi c agents for adaptive actions 
are supported or constrained by their environment, 
which is made up of human components (e.g. political 

probability function of dysfunctions. Th e critical issue 
is that, for each “→,” we have to defi ne a probability dis-
tribution that models the uncertainty in the specifi c 
transfer, input–output, or cause–impact relationship 
(McKone & Bogen,  1991 ; Scholz  et al .,  1992 ; Wallsten 
& Whitfi eld,  1986 ).  

  14.5.6     From risk assessment via 
vulnerability to resilience 
 While risk and risk assessment may be considered a static 
approach,   risk management points to the dynamic, pro-
spective aspects of risk. In this perspective, vulnerability 
and resilience of systems, which are inherently systemic 
and dynamic concepts, receive particular attention. 
Although vulnerability research is composed of several 
research streams, such as research on the vulnerability 
of socioecological systems, the sustainable livelihoods 
approach, and vulnerability to climate change (Adger, 
 2006 ), these strands have in common that vulner-
ability is based on exposure, sensitivity, and adaptive 
capacity of a system with regard to certain eff ects (see 
Polsky  et al .,  2007 ). In the context of climate change, for 
example, vulnerability has been defi ned as:

 Box 14.5       The Prisoner’s Dilemma: strategies and the emergence of   cooperation 

 Robert Axelrod (1984a) developed a model based on the concept of an evolutionarily stable strategy in the context 
of the Prisoner’s Dilemma game. This game is an embodiment of the problem of how to achieve mutual cooperation, 
and thus provides the basis for Axelrod’s analysis. He performed multiple tournaments of such games (on a computer), 
with diff erent strategies playing against each other: cooperation or defection. The payoff  for  T  = temptation to defect 
is the highest, followed by mutual cooperation. The problem is, if both players want the highest return by defection, 
this leads to punishment ( P ; see  Figure 14.14 ). These games can be played once or repeatedly. One result of these 
tournaments is that for the repeated games there seems to be a strategy that rules all others out in terms of reward. 
This strategy is called tit-for-tat, which means “cooperate as long the other cooperates and defect when or as soon as 
the other defects.” 

 Axelrod believed that very sophisticated rules 
should not do better than the simple ones. Indeed, 
strategies that are too complex to be comprehended 
by the other “player” (or strategy) can be dangerous, 
leading to a worse payoff . However, Delahaye and 
Mathieu ( 1994 ) showed that more complex strategies 
can be superior to tit-for-tat. The authors added to 
some of their strategies the possibility of quitting the 
game (renunciation). This adaptation may also fi t bet-
ter with reality, because sometimes it is better to stop 
interaction with a player “that seems too weird or too 
aggressive” (Delahaye & Mathieu,  1994 , p. 2). In their 
tournaments they found that renunciation in fact 
proved a successful extension. Only three of the fi rst 40 
strategies worked without renunciation. 

 Figure 14.14      The Prisoner’s Dilemma game as a matrix. The payoff  
to player A is illustrated by arbitrary numerical values. Per defi nition 
 T > R > P > S  and  R >  ( S  +  T  )/2.  
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we only illuminate in what way game theory can 
provide insight into the malignence and benignity 
of certain situations and the different rationales of 
game theory. We define a situation to be malignant 
if, without transforming the situation, deterioration 
of some participants or systems or a progressive, 
unfavorable dynamic will result. A benign conflict 
is free of this peril. 

 Warfare situations or duels are usually represented 
as malignant situations, where, as a simplifi cation, 
players can only win while (some of) the others are los-
ing. Here we speak about antagonist confl icts or zero-
sum games. 

 Decision theory can be considered a special case of 
game theory as there is only one player. Milnor ( 1954 ) 
also called decision situations as games against nature.  

  14.6.2     Historical background and basic 
concepts 
 Game theory originated in fi nding the best strategy in 
military confl icts and policy, and can be traced back 
to the Chinese art of war (e.g. Sun Tzu, 500 BC/1910) 
or ancient governance strategies (Th ucydides, 550 
BC/1910). Th e game of chess can be taken to illustrate 
the key elements of strategic games. A   strategic game Г 
= ( A , S , U ) includes the defi nition of a set of players or 
actors  A  = {1,…, n ,…, N }. Each player has a set of strat-
egies  S   n   = { s  l, n  ,…, s  k,j ,…}∈ S  and of utility functions  u   n  ∈ U  
which evaluates each outcome. Outcomes result when 
all players ( N ) have chosen a strategy and result from 
a strategy tuple ( S  k 1  ,…, S  k n  ,…, S  k N  ). Th e utility func-
tions evaluate the attractiveness, relative satisfaction 
or desirability of the outcomes for each strategy tuple; 
that is, for all situations when all players have set up 
their decisions. 

 A strategy can also be defi ned verbally in the fol-
lowing way:

  A strategy of a player is a complete behavioral plan, which 
describes for each situation a player can come in, the 
behavior, i.e. the decision that is made in this situation. 
(translated from Burger,  1959 , p. 10, translated by Scholz)   

 Chess is a fi nite game. Game theory shows that 
there is a win strategy for white, a win strategy for 
black, or strategies which compel a tie, as in any fi nite 
games there is a tie or one player wins (Burger,  1959 ). 
However, it is diffi  cult to identify these win or tie strat-
egies as, for instance, in chess a strategy includes more 
possible draws (i.e. decisions) than there are atoms in 

and institutional rules) as well as of biophysical com-
ponents. Th is multifaceted challenge possibly leads the 
agents to explore new strategies qualitatively.  

  14.5.7     How is interdisciplinarity achieved 
 Risk assessment and   management are highly inter-
disciplinary fi elds. Conceptualizing and defi ning the 
exposure is based on a behavioral model of the human 
system in relation to environmental hazards. Th us, 
exposure needs a coupled social and material–biophys-
ical systems view. In addition, assessing sensitivity ana-
lysis (i.e. analyzing how much does the risk vary if some 
parameters vary) requires knowledge from the natural 
and social sciences. Th e system’s sensitivity of an indi-
vidual with respect to contaminants also depends on 
the mental (i.e. socioepistemic) processes and not only 
on the material–biophysical processes. Th e same holds 
true for risks of companies and fi nancial markets.  

  14.5.8     Key messages  
   Risk primarily represents the evaluation of trade-• 
off s (i.e. negative environmental feedbacks) result-
ing from a decision under uncertainty  
  Risk assessment provides a structured analysis of • 
a risk situation, thus reducing the complexity of a 
case analysis  
  Risk management and risk governance involving • 
the concepts of vulnerability and resilience intro-
duce a systemic and dynamic perspective. As such, 
risk is related to exposure, sensitivity, and adaptive 
capacity of a human system to a hazard.              

  14.6       Game and decision theory 

  14.6.1       Malignant and benign confl icts 
 When coping with environmental problems, there 
are often conflicts and social dilemmas among dif-
ferent human systems with respect to environmen-
tal resources. By social dilemma we mean situations 
in which a difficult choice has to be made between 
unfavorable alternatives between different agents or 
between individuals and collective interests (for an 
example in a contribution dilemma, see  Box 14.5 ). 
Game theory can help us to conceptualize, describe, 
and understand these conflicts. We have dealt with 
risk perception in  Chapter 6 .18 and with the psycho-
logical foundations of decisions in  Chapter 7.1 . Here 
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human–environment interactions or in interactions 
between diff erent levels of human systems. Th e latter 
refers to the commons dilemma problem, which is inher-
ent in many problems of sustainable development.  

  14.6.4     Key messages  
   Game and decision theory provide a general lan-• 
guage to describe and classify the decision proc-
esses and confl icts involved in human–environ-
ment interactions as well as between diff erent levels 
of human systems  
  Game and decision theory denote human sys-• 
tems as decision-makers, agents, players, etc. who 
can choose among strategies which generate out-
comes that are evaluated by preference or utility 
functions.      

  14.7     Modeling human–environment 
interactions with cellular automata 
 Cellular   automata (CA) are identical cells that are 
arranged in a grid structure (comparable to a checker-
board). Th e cells can represent units of a biophysical 
environment or human individuals or collective actors 
(e.g. countries or states). Each cell is surrounded by 
other cells that build its environment. Th e cells (or 
CA) exist in one of a fi nite set of possible cell states. 
Th ese states depend on the states of the surround-
ing cells. As time advances in discrete steps, each cell 
looks at its neighbor cells (whereas diff erent kinds of 
neighborhood relations are possible, e.g. Moore or 
von Neumann neighborhood; see Gilbert & Troitzsch, 
 2005 ) and updates its own state depending on the 
implemented rules. Th e modeled system is homogen-
eous with respect to both (i) the set of possible states 
and (ii) the set of transition rules that apply to each 
cell. We briefl y illustrate here a famous example of CA, 
the “Game of Life” of Conway ( 1970 ; see also  Figure 
14.15 ). Th e status of dark cells is “on” (or “alive”), that 
of light cells is “off ” (or “dead”). Depending on the sta-
tus of the neighbor cells, a cell in this game turns “alive” 
or “dead” when following certain rules. Th e results are 
oft en astonishing patterns.  Figure 14.15a  shows the 
initial random distribution. On the right (14.15b), the 
situation aft er some time steps is depicted. What one 
cannot see in these static pictures are the “movements” 
of living cells across the cellular grid.    

 Th e fundamental claim of CA is that temporal 
and spatial evolutionary behavior of systems can be 

the universe (Mandecki,  1998 ). Th us, we can already 
see that game theory is mostly a theoretical approach. 

 Th is is not the place to go into the details of game 
theory. We just want to illuminate the broad range of 
(  game) situations and their representation in game 
theory. We can discriminate between games in a nor-
mal form, which corresponds to the strategic games as 
defi ned above, and games in extensive form, which are 
presented as trees in which the nodes are the decisions 
the players have to make. Th ere are 2- and  N -person, 
zero- and non-zero-sum, and non- cooperative and 
cooperative games. In cooperative games, groups of 
players may enforce cooperation by coalition building. 
Th is aspect is of interest if we deal with supranational 
players, who have the power to induce cooperative 
behavior among loosely and voluntarily interacting 
nations. We make reference to this issue as the world 
game for climate mitigation is a non-cooperative game 
between the 192 nation-state players that are mem-
bers of the United Nations; a solution seems easier if a 
supranational player is involved who represents penal-
ties for not cooporating. 

 In extensive games (which can be represented by 
trees), there are games with perfect and imperfect infor-
mation in which at least one player does not know all 
the actions of his opponent. We fi nd games with com-
plete or incomplete information in which the player 
does not exactly know against what player he is playing 
and what utilities may result. Th ere are many excellent 
books about game theory and we recommend read-
ing them to learn more on the subject (see for instance 
Gintis, 2009a,b; Osborne, 2004).  

  14.6.3     Contributions of   game theory 
to interdisciplinarity 
 Game and decision theory provide an excellent 
 language to describe the interaction between diff erent 
agents or players. Th e language is general as it can be 
used to describe decisions at all levels of living systems, 
from the cellular level via the individual up to popu-
lations. Th us, game theory is genuinely interdisciplin-
ary as games can include agents from diff erent systems 
and the description of the diff erent rationales of the 
agents – for instance, a   virus that is attacking a human 
community – may have completely diff erent behav-
ioral repertoires and rationales. 

 We see the main benefi t of game theory for inter-
disciplinarity in crisply describing the synergetic 
potential, confl ict, or dilemma that is inherent in both 
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face challenges when incorporating complex human 
decision-making process. It is necessary to use hetero-
geneous, hierarchical rule-sets to diff erentiate between 
the kinds of decision-making that apply to groups 
of cells, such as resources tenure structure (Parker 
 et al .,  2003 ). Moreover, one has to be aware that pat-
tern “movements” across the grid are not the results 
of autonomous agents but represent the succession of 
 single cell states, each very restricted with regard to 
their decisions and spatially fi xed. With respect to this, 
the multiagent system (MAS) approach off ers add-
itional potential.  

  14.8     Modeling human–environment 
interactions with   multiagent systems 
 An MAS  5   is a community of agents, situated in an 
environment. “Agent” refers to autonomous decision-
 making entities within the system. “Environment” is the 
space that surrounds agents and supports or constrains 
their activities. “Community” refers to an organized 
collective of agents in which each agent plays specifi c 
roles and interacts with the environment (possibly 
including other agents). Th is interaction works accord-
ing to protocols (rules) determined by the roles of the 
involved agents (Gilbert & Troitzsch,  2005 ; Zambonelli 
 et al .,  2003 ). 

 As an extension of CA, MAS provides all the funda-
mental features of CA; that is, macro phenomena that 
emerge from micro interactions, parallel operation, 
and the crucial role of local heterogeneity, and social 
networks. Th e concept of the agent originates in the so-
called players of game theory. 

explained in terms of local interactions of autonomous 
units. It is conceptually very simple and comprehen-
sible compared to other approaches, but still produces 
emergent properties based on mimicking behavior of 
many constituent units of nature and society. Further, 
CA address the two fundamental properties that are 
inherent in real social and natural systems: paral-
lel operation (synchronized self-control), and the 
important role of local variations in explaining the 
system dynamics. Th ese features are new in compari-
son with the other modeling approaches described 
earlier in this chapter. In the context of environmental 
literacy, this may illustrate that new insights on regu-
lar patterns of human and environmental dynamics 
are rooted in diverse local actions. 

 Th e discrete nature of CA allows application of 
 discrete mathematics, such as   Markov processes, in the 
investigation of complex human and environmental 
dynamics. A Markov chain is a discrete random process 
where all information about the future is contained in 
the present state. If Markov processes are applied for CA 
models, cell states depend probabilistically on temporally 
lagged cell state values (Parker  et al .,  2003 ). In particu-
lar, CA have been applied successfully to several spatio-
temporally explicit environmental dynamic models (e.g. 
landscape models of land use and land cover changes) 
that capture the macro outcomes emerging from mil-
lions of simple micro scale interactions. A classic example 
is the use of CA models to simulate residential discrete 
choices and land use conversion in urban areas. In the lat-
ter example, spatial housing patterns emerge from local 
decisions of single CA. Th ese decisions depend on the 
neighbors’ state (Hegselmann,  1998 ; Schelling,  1971 ). 

 In sum, CA have proven to be useful to model bio-
physical aspects of environmental dynamics, but they   5     Sometimes MAS is also used for multiagent simulation.  

 Figure 14.15      Game of Life. (a) Initial 
random distribution. (b) Situation after 
some time steps in generation 384. 
What one cannot see in these static 
pictures are the dynamics, caused by 
“movements” of on-cells across the 
grid, constantly forming new patterns 
(Wilensky,  1998 ).  
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approaches were particularly useful where there is evo-
lution of social norms or social structure, or the presence 
of social dilemmas and common pool resource issues. 
Th rough connecting agent characteristics and know-
ledge of the position of agents in social networks, van 
Eck  et al . (2011) demonstrated the important role of the 
network in mediating the impact of opinion leaders on 
diff usion processes of new products. 

 Th e “environment” formalized in MAS largely 
depends on the object system that is to be modeled. 
In real-world applications, we oft en see three types of 
applied MAS models: (i) MAS for social systems; (ii) 
MAS for material–biophysical systems; and (iii) MAS 
for coupled HES. When MAS is used to represent a 
social system, the “environment” of an agent refers to 
other human agents, which can be similar or diff erent 
in typology (Edmonds  et al .,  2007 ). Th e real biophysical 
environment is oft en assumed to be static, without an 
important role in explaining the system dynamics, thus 
ignored in the formalism. With MAS applied to bio-
physical worlds, the “environment” is truly the material-
bio physical environment, which consists of other nat-
ural agents (like fi sh, trees, or land units; cf. Grimm  et al ., 
 2005 ), without human agents in it. In MAS designed 
for coupled HES, the “environment” of an agent (being 
either human or biophysical objects) becomes a cou-
pled community of decision-making human agents and 
autonomous biophysical agents (Jager  et al .,  2000 ). 

 In MAS, due to the autonomy of the agents, interac-
tions in the system are no longer mathematically traceable. 
Th us we meet what is called mathematical intractability 
of processes in time and space, as we can also fi nd them in 
the system dynamics approach (Axelrod,  1997 ). 

  14.8.1     Multiagent systems for   coupled HES 
 A growing number of MAS models for coupled HES 
have been developed in the past decade. To exemplify 
we refer here to a specifi c class of models of this type that 
has been formulated to represent the coupled human–
landscape systems in a highly integrative manner (e.g. 
Le,  2005 ; Le  et al .,  2008 ; Matthews,  2006 ). Here we 
have the integration of diff erent kinds of social agents 
(decision-making, politics, and organizations) and 
natural processes (e.g. regarding soil, crops, and cli-
mate). Th erefore, “human agents” integrate attributes 
of social actors like environmental and policy knowl-
edge and capabilities, whereas “land agents” represent 
the relevant parts of the environment with which the 
human agents interact (see  Figure 14.17 ). 

 In addition, compared to CA the agents in   MAS 
can be more complex with regard to their structure 
and behavior. While CA are uniform in terms of the 
set of their state, the variable set of MAS agents can be 
diff erent across agent typologies. Moreover, instead of 
being homogeneous with CA’s rules, agent’s rules can 
be specifi c for every agent typology. Th is heterogeneity 
is central to multiagent systems since it acts as a trigger 
initiating diff erent behavior among agents in the sys-
tem, sequentially leading to emerging system complex-
ity (cf. Axelrod,  1997 ; Holland,  2006 ). 

 Behavioral rules of an agent can be rather simple 
causal if–then rules, in which behavioral decisions dir-
ectly refl ect the changing states of agents or their environ-
ment. However, agent behavior can also be driven by the 
evaluation of equations over particular state variables, 
or assessment of outputs of dynamic models encoded 
in the agent-based systems. Regarding this aspect, MAS 
can be understood as a decentralized system template 
in which multiple mathematical formalisms (e.g. sim-
ple causal if–then rules, linear functions, diff erential 
equations, and so on) can be concurrently embodied. 
Several types of agent architectures, based on diff erent 
behavioral theories, were proposed. Most frequently, 
if–then rules are mixed with other kinds of behavior 
formalizations such as parameterized functions, or 
competitive tasks, or belief–desire–intention (BDI), or 
evolutionary metaphor-based (e.g. genetic algorithm) 
architectures (Bousquet  et al .,  2004 ). Th is claim is dif-
ferent to that of earlier modeling approaches. 

 Environmental behavior of human agents is embed-
ded in social interactions that are shaped by   social 
networks. Informal institutional constraints or oppor-
tunities of environmental behavior (e.g. norms, collect-
ive attitudes, and behavior innovations), as well as their 
enforcement characteristics, are mediated by social net-
works. Social networks are important in understanding 
the dynamics of HES as they contribute signifi cantly to 
resilience and adaptability by creating channels for infor-
mation fl ows (Deff uant  et al .,  2002 ), for management 
and distribution of resources (Epstein & Axtell,  1996 ), 
and for diff usion of technological innovations. MAS 
modeling is particularly relevant in representing social 
network structures and associated interaction rules, 
as well as the role of inequality of the individual agent 
within a network (i.e. nodes). With MAS, individual 
agents can form wide-ranging networks of many “weak 
ties” that facilitate information transfer and innovation 
diff usion, and ultimately promote economic develop-
ment. Kohler and Gumerman ( 2000 ) showed that MAS 
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 Box 14.6         Social dilemmas: contributing to a land reclamation system or not? 

 Using MAS as a means for representing real-world HES and understanding the complex system dynamics can be dem-
onstrated by a case of farmers in the Odra region of Poland who are caught in a social dilemma. In the catchment, 
while, in principle, the existing land reclamation system (LRS) of ditches and canals can absorb the negative eff ects 
of extreme weather conditions, its proper functioning requires collective action with regard to maintenance. Thus it 
is important that the acquaintance and/or friendship relationships that exist amongst farmers are utilized appropri-
ately. The agent-based model SoNARe (Social Networks of Agents’ Reclamation of land, cf. Krebs  et al .,  2008a , b) simu-
lates the collective decision-making (Olson,  1965 ; Ostrom,  1990 ; Dawes,  1980 ) of typical landowners in the catchment 
under fl uctuating socioenvironmental boundary conditions. The model is coupled to a hydroagricultural model that 
simulates the hydrological dependencies that exist between farmers located along the LRS. In the model, landowners 
decide about investing in the maintenance of their local section of the LRS and are provided with feedback in terms of 
their attained crop yield under certain climatic conditions. Farmer agents keep a balanced attention to their attained 
crop yields and their social endorsement resulting from their opinion regarding LRS maintenance. Farmers fi nd them-
selves in a twofold dilemma: (1) the working LRS is most pertinent under unpredictable extreme weather conditions 
because it protects crops against excess water stress; (2) the benefi cial eff ects of the LRS may only be achieved by high 
degrees of mobilization of the involved farmers, and benefi cial eff ects diff er depending on the farmer’s position along 
the channel. 

 The conditions encountered on individual land parcels depend highly on the amount of LRS maintenance 
performed on other (connected) land parcels. In wet periods, for example, LRS neglect leads to a loss of yield on 
neighboring land parcels upstream since the runoff  of excess water is blocked, whereas LRS maintenance has the 
opposite, beneficial effect since it facilitates runoff. The latter effect arises even if the upstream neighbors do 
not themselves maintain their section of the LRS (free-riding). Maintenance of the LRS thus enables farmers to 
overcome environmental shocks like fl ooding with only reduced yields or even with no losses at all, but it requires 
a collective eff ort. 

 The eff ects of several possible combinations of the farmer agents’ success can be simulated. Two extreme sce-
narios are described here in short: the fi rst scenario suggests that under the assumption of selfi sh farmers who only 
consider their individual farming success, roughly one-fi fth of farmers show free-riding behavior. This points in the 
direction of a social dilemma induced by the hydrological interdependencies of farmers’ land parcels. Scenario 2 adds 
social infl uence to the decision process, which results in the emergence of a positive social lock-in. The results indicate 
that, under the given circumstances, the presence of an active social network and of mechanisms of social infl uence 
dampens phases of high volatility in opinion dynamics and instead leads to a coherence eff ect. The frequency of LRS 
volatility is reduced with the introduction of social infl uence and further social pressure leads to a positive lock-in that 
even prevents free-riding behavior.  Figure 14.16  shows the yields of the farmer agents. Compared to scenario 1 (see 
 Figure 14.16a ), in the long run in scenario 2 (see  Figure 14.16b ) the average crop yields increase and the deviation 
between farmers decreases. 

 Figure 14.16      Average yields of farmers ( y  axis normalized, dimensionless) bounded by the mean deviation and the rolling mean over 3 
consecutive years. The dotted line indicates the yield threshold. (a) Scenario 1; (b) scenario 2 (Adapted from Krebs  et al .,  2008b , p. 5 & 7).  
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 Box   14.7       Interactive household and landscape agents: Vietnam deforestation 

 Assessment of future socioecological consequences of land-use policies can support decisions about what and where 
to invest for the best overall environmental and developmental outcomes. However, such assessment work is highly  
challenging because of: (i) the inherent complexity of coupled human–landscape systems; (ii) the long-term perspec-
tive; and (iii) the multidimensional criteria required for sustainability assessment. The Land-Use DynAmic Simulator 
(LUDAS) is a spatially explicit multiagent model developed to simulate land-use change and the interrelated socio-
economic dynamics on the community/catchment scale (Le et al., 2008). The human community is represented by 
heterogeneous household agents, which integrate individual, environmental, and policy information into land-use 
decisions. The natural landscape was modeled as a group of landscape agents, which represent land units hosting 
natural processes that change in response to interventions by human agents. LUDAS embodies the material-social 
complementarity (see Figure 3.3*) within household agents, by for example coupling material household assets with 
a cognitive sub-model of land-use decisions ( Hm ⇔ Hs), and within landscape agents, by for example representing the 
switch from biophysical land potential to perceived land utility (Em ⇔ Es). The model embodies the human-environ-
mental complementarity (H ↔ E) by representing the impact of human systems on environmental systems (H → E), 
for example a farmer’s vegetation clearance, and the resulting benefi ts from the environment by crop production (E 
→ H) (Figure 14.17). 

 The model structure is designed by mimicking the common hierarchical levels (see Figure 14.1*) of land-use 
 systems: household/farm – household group/landscape neighborhood – whole community/landscape. The interac-
tions between the three layers  occur through high-order feedback loops (vertical arrows in Figure 14.17). Household’s 
land uses lead to a change in the larger human–landscape environment that reshapes the future decisions of house-
hold agents. Thus, the model represents the co-determination, and co-adaptation between human and environment 
systems. LUDAS illustrates many epistemological assumptions of HES described in Chapter 3.      

 As a virtual computational laboratory, LUDAS is able to systematically generate spatiotemporally explicit land-use 
change and interrelated socioeconomic dynamics resulting from land-use policy interventions. In the case of the Hong 
Ha catchment in Central Vietnam, comparative assessments of alternative future socioecological scenarios using LUDAS 
suggest that it is challenging to attain both community welfare and forest conservation by simply expanding current 
agricultural extension programs and subsidy schemes, without improving the qualities of these services. The results 
also provide new information about how policy interventions can strike a balance over the long term between 1) the 
need to strengthen enforcement of forest protection in critical areas of the watershed and 2) needs to simultaneously 
create incentives and opportunities for agricultural production in the less critical areas (Le et al., 2010). 
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 Figure 14.17      The LUDAS modeling framework mimicking natural ontologies of the coupled human–landscape system.  
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 coupled HES. MAS can become complex adaptive sys-
tems (Holland,  1995 ,  2006 ); for instance, if we assume 
that the agents discover new rules that are more suc-
cessful in dealing with an environment. Th is may be the 
case if changes in the political or climatic environment 
challenge household agents and/or landscape agents 
which have to adapt, e.g. by the mutation of rule-parts 
(and genetic algorithms; Holland,  1995  a,b). In this 
context evolutionary game theory is also relevant, as it 
deals with changing environments by variation of the 
strategy sets of the agents and subsequent adaptation 
(Axelrod,  1984 ; Smith,  1776 /1961).     

  14.8.2     How interdisciplinarity is achieved 
 MAS models for coupled   HES help to bridge the 
domains of natural and social sciences in many ways. 
First, like other integrated system model approaches, 
MAS provides feedback between variables (agents) 
with diff erent ontological quality (e.g. variables of 
human, social, and fi nancial assets of human indi-
viduals or organizations, and biophysical attributes 
of the landscape environment). Second, disciplin-
ary knowledge in forms of available theories, models 
or rules/laws of diff erent social and ecological pro-
cesses can be implemented into the agents’ structures 
(rule systems). MAS modeling also provides a kind 
of a meta-theoretical language in which every discip-
linary statement must be reformulated. Developing 
MAS for coupled HES to inform and evaluate sus-
tainability aspects (of several integrated scenarios) is 
a specifi c application of this approach. Th is kind of 
integrated modeling requires intensive discussions 
among the modelers from all the relevant disciplines 
(e.g. Barthel  et al .,  2010 ; Lenz-Wiedemann  et al ., 
 2010 ).  

  14.8.3     Key messages  
   MAS is an interesting approach for understand-• 
ing of HES as it integrates ideas from systems the-
ory, game theory, theory of self-organization of 
complex systems, and allows for interdisciplinary, 
coupled systems modeling  
  Agents’ interactions within MAS allow the capture • 
of both cross-scale (micro–macro) feedback loops 
and social and ecological heterogeneities. Th us, 
understanding self-organization and emerging 
structures in social and environmental systems 
forms a basic feature of   MAS.      

 With   MAS models for coupled HES, available 
models of diff erent sociological/political/economic 
and ecological processes can be embodied into the 
structures of human and land agents. Integration of 
knowledge across disciplines in coupled models can be 
seen, for instance, in the case of MAS related to land 
use change (see  Box 14.7  and  Figure 14.17 ). By working 
as parallel subsystems that can host relevant processes 
possibly formulized by diff erent analytical means, such 
a new class of MAS models off ers a much higher degree 
of freedom to integrate not only knowledge from dif-
ferent disciplines, but also diff erent conventional mod-
eling methods into one integrated system model (see, 
for example,  Box 14.6 ). 

 Within MAS for coupled HES, there are three major 
  types of interactions: communicative interactions, phys-
ical interactions, and environment-mediated interac-
tions. Communicative interaction means the exchange 
of messages among agents (e.g. concerning negotiations 
and exchanges of contracts, goods, or services). 

 Physical interactions, undertaken by agents, exert 
a physical action on others such as pushing or pulling. 
Th ese kinds of interactions have been used in applica-
tions such as hydrology or soil physics. Environment-
mediated interactions form the primary environmental 
  feedback loop, in which human agents perceive the 
environment status and react to it, and the human 
action transforms the environment, with a retroactive 
eff ect on the decision-making process of itself and of 
other agents (see direct interactions between household 
and landscape agents in  Figure 14.17 ). Th is illustrates 
the key advantage of MAS by mutual co-determination 
(Bousquet & Le Page,  2004 ; Krebs & Bossel,  1997 ) of 
the structure of the environment and the organization 
of the human agents’ community.         

 Repeated agent interactions can lead to cumula-
tive changes in social/economic and environmental 
conditions at larger scales and in the longer term. Th is 
may cause emergent changes of the whole system’s per-
formance aft er a delayed period (see vertical interlinks 
in  Figure 14.17 ). Th e emergent change on the macro 
level has a two-path eff ect on the agent’s behavior in 
the MAS: (i) it creates new opportunities or constraints 
for agent-based processes at the micro level; and (ii) it 
infl uences the behavior of politicians who frame pol-
icy issues that reshape interactive behavior of human 
and environmental agents. In this way, MAS represent 
secondary environmental feedback loops. By realiz-
ing these high-order environmental feedback loops, 
MAS models reveal the (complex) adaptive capacity of 
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