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ABSTRACT 

Scenarios are not (deterministic or probabilistic) predictions but explorations either of 
possible futures (forecasting) or of necessary policies to achieve a future considered as 
desirable (backcasting). They are usually understood to consist of a narrative illustrated by a 
computer simulation using parameters derived from the storyline and quantifying (parts of) 
the scenario. Unfortunately today, predictions, projections, probabilistic forecasts and more 
are labelled scenarios, while some scenarios like economic growth forecasts are presented as 
(probabilistic) predictions. 

A system theory based analysis shows that the way of deriving plausible or predictable futures 
depends on the kind of system described, which in turn significantly influences the 
recommendations derived from the scenarios for policy measures to be taken to achieve an 
externally defined, desired state of the system. For these recommendations to be a solid 
guidance, it is necessary that the system under analysis (the reality), the mental model used to 
describe it, e.g. in the narrative (the perceived reality) and the computer model used for the 
simulation runs (the virtual reality) have a common level of complexity. If not so, a confusion 
of probability, uncertainty and ignorance emerges, and the resulting scenarios including the 
recommendations derived can be deeply flawed, misguiding or at best be meaningless for the 
policy implementation process. 

The results show, that only a (co-) evolutionary model of reality exhibits an adequate level of 
complexity, and the meaningful scenarios are descriptions of their path dependent 
development trajectories. In such systems, however, predictions are not possible and surprises 
can occur any time. Thus decisions must be taken under uncertainty, and better understanding 
the character of the system and the kinds of uncertainty helps improving decision making. 
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1 Introduction 

Scenarios are explorative tools, and as opposed to predictions, they do not claim to outline the 
future that will be, but describe a future which might become reality. These futures must be 
possible and inherently plausible, but not necessarily probable. In forecasting scenarios, they 
can be the result of ongoing trends, but also of unexpected events which change the 
development path. Such events can be external (shocks or wild cards), but also so far 
overlooked results of the inherent dynamics of the system. In backcasting scenarios, a leitbild 
or guiding vision is developed (the joint vanishing point of the possible and the desirable), 
and the events are policy interventions or behavioural changes which help to orient the system 
development towards that vision. Unfortunately today, predictions, projections, probabilistic 
forecasts and more are labelled scenarios, while some scenarios like economic growth 
forecasts are presented as (probabilistic) predictions. 

Whether a view of the future is a scenario or a prediction depends less on the kind of forecast 
undertaken, but on the system context in which the undertaking is embedded. In this respect, 
three systems have to be distinguished: 

• the “real world system”, the object of the analysis, not accessible to direct human 
observation (as critical realism claims and environmental sociology shows) but able to 
falsify the construction of the following two systems by showing an unexpected 
behaviour in a way which cannot be overlooked, 

• the mental model applied in the analysis, which is the system the analyst perceives and 
bases his recommendations upon, and 

• the computer models, the tools used to quantify the expectations raised by the mental 
maps. 

Surprisingly, most public trust lasts with the latter, although in order for them to be reliable 
first the mental model, although a simplification of “reality”, must capture its major 
behavioural characteristics to derive workable solutions, and secondly, the technical tools 
must be able to express the main characteristics of the mental model, which are more often 
than not qualitative ones, and translate them into quantitative functions. This suggests a 
careful analysis of the three systems, and an assessment of the impacts the simplifications 
inherent to the process (and to a certain degree its objectives) have on the recommendations 
derived. 
 

2 Classifying system complexity 

Systems theory can help to distinguish suitable and non-adequate approaches by identifying 
the simplifying assumptions and demonstrating their impacts on the model outcome. The key 
means in this respect is a comparative analysis of the complexity of the respective systems by 
analysing the system rules; if the level of complexity of “real world” systems and those used 
to emulate their behaviour diverges, important features of the system to be analysed, including 
the dynamics and direction of its development, may not be reproduced by the model, 
rendering the model used useless if not dangerous as a policy and planning tool. One way of 



identifying such complexity discrepancies is to define rules of system construction which 
gradually, when applied successively, turn a system from a rather undefined into a 
deterministic system; systems where the same set of rules applies are of comparable 
complexity. Based on Allen (2001) five distinct rules are defined, which if applied together 
result in maximum determination. Lifting them one by one changes the character of the 
system towards a less deterministic one, and the resulting types of systems can be compared 
to “reality” itself, and to the mental maps of theory. As a result, different lines of 
argumentation can be identified to be based upon different “mental models” of a specific level 
of complexity. 

These five rules can be aggregated to a smaller number and otherwise rephrased (see e.g. 
Bossel 1999), without changing their distinctive function for different levels of complexity. 
The formulation of Allen (2001) has been chosen since they way it is phrased provides a good 
opportunity to assess economic systems, and mental and technical models. The five system 
rules are, simply expressed: 

(1) It is possible to distinguish between “the system” and “its environment”. 
(2) All system components can be recognised and distinguished, permitting to understand 

(analytically or intuitively) their interaction. 
(3) The active system elements are all identical, or at least the range of their behaviour is 

normally distributed around the average. 
(4) The individual behaviour of the system elements can be described by average 

interaction parameters which characterise the system behaviour. 
(5) The system develops towards a stationary equilibrium, permitting to define fixed 

relations of system variables. 

 
2.1 Rules 1 to 5 apply 

A situation where all five rules apply represents a static system with no structural change 
taking place: the system is geared towards a predetermined attractor (the equilibrium) which it 
has reached at the time of analysis. Usually such systems are constructed as having no 
historical time, i.e. all interactions can be described as happening simultaneously (this is an 
additional assumption ruling out cyclic or chaotic attractors). Consequently, they cannot adapt 
their structure to changes in their environment. In such a system, all future states can be 
immediately predicted, scenarios in the sense described above are not only unnecessary, they 
are impossible. The system knows no development, the future is known with certainty. 

Mental models of this kind are typical for ideologies or religious sects which base their belief 
system on unchangeable fundaments, not open to reinterpretation, often written documents 
taken literally. Regarding computer models, ecological equilibrium models described the 
world like that back in the 1970s, and neoclassical economics and its equilibrium models still 
perceive the economy this way: as a predetermined system on its way to a clear-cut and 
predictable future state (or even having reached it), permitting rational management and 
decisions by allowing to compare the known system state before and the predictable one after 
a certain action is taken. Such theories, for instance normative decision theory, cost-benefit 
analysis, continual dose-response curves, analytical systems based on unambiguous causality 



like the OECD’s PSR or the UNCSD’s DSR (Pressure resp. Driving force, State, Response) 
indicators, are mental models easily translated into technical tools like computer models, 
which is one of their strengths and a reason for their continued use, despite the fact that they 
do not properly reflect the dynamics of the more complex natural or social systems. 

This is evident for instance in the suggestions of the Intergovernmental Panel for Climate 
Change IPCC AR4 or the Millennium Ecosystem Assessment MEA, claiming a primacy of 
the cost-benefit-analysis (CBA) over the precautionary principle which may only be applied 
under special circumstances, i.e. in case CBA data are lacking (MEA 2005, fifth key message, 
p. vi): “Improved valuation techniques and information on ecosystem services demonstrate 
that although many individuals benefit from biodiversity loss and ecosystem change, the costs 
borne by society of such changes are often even higher. Even in instances where knowledge 
of costs and benefits is incomplete, the use of the precautionary approach may be warranted 
when the costs associated with ecosystem changes may be high or the changes irreversible.” 

 

2.2 Rules 1 to 4 apply 

If rule 5 does not apply, the system is not necessarily in equilibrium, and it is not possible to 
determine the future state based only on observation of the ongoing processes. The system 
development follows the most probable path. However, the fact that the interaction of system 
elements is standardised leads to the choice of only one possible path, i.e. to pre-determined 
development. As the system elements remain bound to the average interaction parameters, 
learning, behavioural change (like in “real world” social systems) and evolution (like in 
“natural” systems) are ruled out, and instead repetitive iterations of the same behaviour 
determines the system development. Consequently, fluctuations are possible but according to 
rule 4 cannot be dominant. The outcome of this development process is now dependent not 
only on the system rules but also on the starting conditions. If both pieces of information are 
available, the future development of such dynamic systems is again predictable, as it always 
converges towards the attractor basin determined by the starting conditions (although the 
attractor is not necessarily constant but can be a cyclic one, see the innovation cycles in 
Schumpeterian economics). In such systems the future is known not with certainty, but with a 
well-defined probability. Thus the system can characterised by stochastic prognosis and risk 
calculations; again scenarios in the sense defined above are neither necessary nor possible.  

Mental models of this kind are routines, habits, standard behaviour or unchanged traditions 
(agency without reflection, and thus without learning, including risk management routines). 
The computer models best suitable to describe such system are system dynamics models; they 
clearly neglect important characteristics of natural and social systems, and thus they too are 
insufficiently complex. Nonetheless they may be illustrative to specific research questions, i.e. 
if not the system development as such but the outcome of a certain behavioural pattern in a 
constant environment is the objective of the analysis. This is particularly true as system 
dynamics models illustrate dynamic effects equilibrium models cannot display, and the 
computer models needed for this behalf are readily available or can be developed rather easily 
(Bockermann et al. 2005). 



 

2.3 Rules 1 to 3 apply 

Lifting rule four leads to systems in which the interaction patterns of the system elements can 
vary widely, but it still requires (rule three) that the system elements are either identical, or 
their behaviour follows a normal distribution around the average. In the former case, the 
system elements are identical with a representative agent (a fundamental assumption of 
microeconomic theory). In the latter case, with the elements’ behaviour following a normal 
distribution, the stochastic behaviour of the system elements, non-learning, homogenous, but 
not restricted to an average behaviour, opens a wide range development opportunities to the 
system. Although the boundaries of the attractor basins are still valid for the average 
behaviour, they become permeable for individuals. Thus all possible development options, 
including the less probable ones, can be realised. The system development can change 
between different attractor basins, and consequently neither the attractor nor the development 
trajectory of the system can be defined ex ante. These are characteristics of self-organising 
systems, developing system structures based on the varying interactions the system elements 
are capable of. Since they can switch from one attractor basin to another in an unpredictable 
way, self-organisation is a non-equilibrium phenomenon, and development paths cannot be 
predicted but only explained ex post. The interaction of the system elements, based not on 
learning but on stochastic interaction, leads to new behavioural patterns as emergent system 
properties which cannot be predicted by observing their constituent elements since the system 
as a whole behaves more ordered and organised as the system of rules applied to its elements 
would require. Analytical approaches focussing on the details but neglecting the dynamics of 
the larger system tend to overlook these characteristics and be unprepared for the reaction of 
the system to interventions or changes in the system environment. Such behavioural patterns 
develop through repeated interaction, shaped by resource availability and the system structure. 

Structures can be formed far off the equilibrium (dissipative structures stabilised by a 
continuous throughput of matter and/or energy, Prigogine 1988). As a result, interaction and 
iteration lead to a specific development trajectory, dependent on system structure and system 
environment, in historical time. Self-organisation is an inherent characteristic of the system, 
but the development path resulting also depends on the system environment (and on incident: 
even identical systems under identical conditions develop different “biographies”). 

Potential future system “biographies” can be sketched out ex ante by scenarios describing 
possible, inherently plausible, but not necessarily probable system developments resulting 
from the interaction of internal development dynamics and external influences. Such 
scenarios (mental models, for instance the BAU scenarios in climate science, as well as the 
technical ones derived from them) must reflect the fact that the system (in this example, 
society) is capable of passive adaptation to changes in its environment, but not of active or 
even anticipatory reaction, as feedback mechanisms leading to behavioural changes of the 
elements are not possible under rule three. Still, the system – unlike its elements – shows a 
kind of passive learning behaviour, closer to observations of “real world” systems than 
dynamic or deterministic models, but the assumed behavioural homogeneity of the system 
elements (the elements do not change behaviour as a response to local system conditions) still 



contradicts the observations, for social systems even more so (although less than climate 
activists would hope for) than for natural ones. 

Computer models of complex adaptive systems have been developed in the artificial life 
research; however, so far the application of such models is limited to simple, most often small 
scale systems. More recently, agent based modelling has been used to emulate many 
characteristics of this kinds of systems; it is a promising way forward in particularly when 
applied in a non-constant environment, e.g. in a system dynamics context. However, attempts 
to further enhance the complexity of models this way are still rare. 

 

2.4 Rules 1 and 2 apply 

Dropping rule three as well leads to systems which consist of elements with no behavioural 
restrictions. They can change their behaviour spontaneously, due to learning processes, as the 
result of local system processes or due to external influences. This high level of variability 
permits evolution to act not only on the system level, but on the level of system elements 
(organisms, ecosystems, consumers, companies, societies, etc.). Their capability to change 
behaviour as a reaction to the (local) state of the system creates a selection dynamics within 
the system which leads to comparably fast and targeted system adaptation as a result of 
positive feedbacks of success and imitation even in cases where the behaviour of the system 
elements is not consciously oriented towards a specific target, as it is the case in “natural” 
systems, i.e. the bio-geosphere (as opposed to the anthroposphere, where intentional 
behaviour – problem adequate or not – dominates). The feedback loops influence the 
development of the internal structure of the system elements in an evolutionary process, 
which in turn influences the processes and the structures on the system level, which in turn 
changes the context of the system elements and thus their behaviour, and so forth. The 
evolutionary dynamics can be described as the combination of the stochastic process of 
mutation/innovation and the deterministic process of selection.1 The latter results in directed 
but non-teleological development, however with irreducible uncertainty caused by the former. 
Their development is not predictable, even if system structures and starting conditions are 
known. The development trajectory can flip from one attractor basin to another, with varying 
probabilities. The trends (and thus the probability of flips) can be changed by external 
influences (gradually, including non-linearities caused by thresholds and delays, or suddenly 
by shocks), and by internal structural change (gradually or suddenly), driven by interventions 
resulting from any kind of internal process. 

This mutual influence is a characteristic of complex evolving systems, natural or 
anthropogenic: nature, population, society and the economy are such evolving systems. In the 
latter, the system elements (individuals, groups, households, companies,…) act consciously, 
based on reflections about the future internal and external development (for instance climate 
change and its impacts), to adapt to or to mitigate anticipated system developments, thus more 
                                                 
1 In biological evolution, (relative) isolation is a third force helping to turn individual competitive advantages 
into independent and distinct species – without it, homogenisation, e.g. by sexual exchange, tends to dominate. 
However, this third mechanism is completely ignored in evolutionary economics, maybe because it was codified 
later then the first mechanisms, maybe because it does not fit into a world view dedicated to globalisation. 



or less consciously influencing the system development and its influence on its environment. 
In particular the (subjective) expectation of negative outcomes gives reasons for intervention, 
altering the framework gradually, as reflexive actors try to direct the system towards a more 
desired attractor basin (in this case, leading to climate policy on the system level and 
behavioural change on the individual level). The more trial-and-error are replaced by or at 
least embedded into anticipative problem solving strategies, the more effective and efficient 
the capability of the system to react and adapt becomes (Hornung 1985). In the social domain, 
these processes have a significant influence on visions, leitbilder and norms, and deliberate 
interventions by self-conscious and reflexive system elements, i.e. by stakeholders, 
individually or collectively, shape the system behaviour. 

The resulting dynamics causes an ongoing development process of behavioural patterns of 
systems and their elements (the now independent agents), changing the system and its 
environment, thus enforcing renewed adaptation, i.e. evolutionary processes. For these, the 
innovative behaviour of system elements/agents towards explorative patterns is essential 
regarding the dynamic on the system level. Their behavioural patterns are not only dependant 
on the individual characteristics of the agents, but are also influenced over time by behaviour- 
shaping mechanisms, like experiences, knowledge, technologies and heuristics. 

Evolving systems do not have one predetermined future, but a wealth of possible futures or 
attractor basins. They can switch from one to the other, but not every transition is possible, 
and those which are possible occur with different frequencies: the future development path is 
not free to choose but influenced by past constellations and transition frequencies. However, it 
is not possible to derive probabilities for future transitions from the ones observed, as the 
probabilities evolve with the evolution of the system. The theoretical analysis of complex 
evolving systems is difficult, with systems theory giving some support, and orientor theory 
the only mental model available dealing with the sustainability of such systems (Bossel 1996; 
2000). Computer models simulating the process of system evolution exist only for the most 
simple and small scale systems. For a comprehensive analysis of the meta-system no 
computing tools of adequate complexity are available. 

In this situation, scenarios are a key tool to explore the system future. They must consist of 
narratives, integrating quantitative and qualitative elements, and cannot be replaced by models 
as these lack a sufficient level of complexity. Scenario narratives are not restricted to gradual, 
smooth developments as most computer models are. They can easily accommodate shocks as 
they are to be expected in “reality”, leading to unexpected mid-way changes of the course 
taken by the system as a whole. Although their probability cannot be quantified either, 
scenarios can help to derive interventions which reduce this unknown probability – 
sustainable strategies are those which sustain system functions under the maximum diversity 
of possible futures. To be effective, interventions must take the diverse rationalities of 
different agents into account. As decision making and enforcement by one key actor 
following one well-specified rationality fails as a means to reliably solve problems (measures 
are designed based on a deterministic mental model and implemented by 1st order 
governance), interventions into the system development (i.e. politics) should be based on 
discourses in order to achieve suitable results (2nd order governance, see for instance Kemp et 
al. 2005). Once the effectiveness of decisions can no longer be taken for granted, legitimacy 



begins to play a greater role (allowing for improved decisions as much as for collective 
errors). This is also one of the reasons why participation plays such a crucial role in 
sustainability science (Spangenberg 2011; Görg et al. 2014). 

 

2.5 Rule 1 applies 

If rule two is dropped as well, only the border between the system and its environment is 
unambiguously defined. The system as distinguished from the system environment is still 
demarcated, but nothing is known about its elements and their behaviour. For such 
undetermined systems, no statement regarding their development is possible – nothing can be 
ruled out, no more or less probable development trajectory can be identified. In 
chaotic/unstructured systems, absolute ignorance prevails; there is no predictability beyond 
the “rules of chaos”, and no scope for scenarios as plausible narratives. 

 

2.6 Conclusion 

Complex evolving systems are the only ones to match the characteristics of the “real world’s” 
social, environmental and economic systems. Neither self-organisation models nor non-linear 
dynamic ones stand the test, but least of all equilibrium models, both partial and general 
equilibrium ones. Even the best models fall short of capturing the diversity of development 
options available to “real world” environmental, social and economic systems, and thus 
relying on model runs when planning policies always includes the risk, even the probability of 
unexpected developments, which models (even if they did not have the flaws inherent to 
currently used ones) can neither foresee nor help preparing for. In particular the frequent use 
of CGE (Computable Global Equilibrium) models as the basis for future projections, and the 
reliance of decision making on such models is a reason for concern. 

Thus a closer look at complex developing systems is recommendable to understand which 
additional considerations beyond reliance on available, insufficiently complex models and 
scenarios are necessary to improve decision making in “real world” systems.  

 

3 Co-evolving systems, decision making and scenarios 

As has been shown, natural systems with heterogeneous non-adapting elements can be 
described as self-organising systems, e.g. in climate models, while biological systems (at least 
in the medium to long term) and all anthropogenic systems are evolving ones where only rules 
one and two apply. Consequently, any analysis of the interaction of the bio-geosphere and the 
anthroposphere must describe a meta-system consisting of learning natural and anthropogenic 
subsystems with either adapting or learning system elements.2 Although so far no general 
theory of complex evolving systems has been developed, a number of behavioural traits is 
                                                 
2 In sustainability research usually three or four such subsystems are distinguished, the natural, the economic, the 
human/social, and the societal/institutional system – (too) often the latter two are merged into one system, the 
socio-cultural one. 



known and can be used to characterise the dynamic development of such systems (Rees 1994; 
Hornung 1985; Holling et al. 1998; Bossel 2000; Holling 2001). The choice of scenarios and 
models must correspond to make them suitable tools for system analysis. If done properly, 
both combined can support decision making under uncertainty with improved information. 
However, given the shortcomings in particular of computer models it has to be kept in mind 
that the “hard results” of scenario development are the narratives, while the computer model 
runs serve to illustrate different elements of the scenario. The model run outcomes are the 
“weak results” and must be interpreted and if necessary modified against the background of 
the narrative (e.g. modifying numerical results as certain qualitative factors could not be taken 
into account in the computer model) (Settele et al. 2012). 

 
3.1 System behaviour 

The development of the meta-system, consisting of several subsystems can be described as a 
process of co-evolution in which the interaction with other systems influences the direction of 
development in each of the subsystems. The process is based on anticipating learning and 
adaptation for the anthropogenic systems, and on unconscious, but nonetheless directed 
adaptation for the natural environment (Spangenberg 1998; Norgaard 2002).3

 

The system processes are influenced by non-linear cause-effect relations, like threshold 
phenomena and other non-linearities, delays, time lags and network effects with overlapping 
positive and negative feedback loops. As a result, a certain pressure may have a small or no 
impact for a considerable amount of time, but can have immediate and significant impacts at 
another one, for instance once a threshold has been passed – which, due to time lags, can 
happen even after the pressure has ended. This way, even rather small changes on the lower 
level can trigger dynamic processes which lead to significant changes on the higher level (the 
“butterfly effect”). 

Nonetheless the development patterns are not chaotic, but evolve in historical time. Evolution 
is an irreversible process (in historical time “you never cross the same river twice”) – each 
new state is based upon the previous one plus the reaction to external influences. Not all 
possible states of the system are accessible at any time, and not all states of the system are 
possible. The result is often a path dependent development: as each step follows from the 
previous state, the probability is high that the next state of the system will be similar to the 
previous (if not so, the system would be chaotic). Nonetheless the system behaviour is neither 
predictable nor is it stable: changes occur at varying speed, and at any point in time the 
development trajectory may offer bifurcations, development alternatives between which the 
system must chose. Their emergence will and can be influenced by the interaction with other 
systems, changing the selection criteria and thus the direction of evolution for the system and 
its elements, by unconscious behaviour and through deliberate interventions by self-conscious 
and reflexive system elements, the agency. In such systems the associative law is not 
applicable, permutations change the result: if doing first A and then B leads to C, doing first 
B and then A will most probably not do so. 

The system is characterised by emergent structures formed far off any equilibrium state 

                                                 
3 However, the natural process tends to be slower than the processes in the social and in particularly in the 
economic system, which often causes a misperception: slower or even delayed feedbacks are perceived as 
either weak or absent, not as “evils in the making”, and the perception what shapes the anticipation, thus the 
behaviour of the system elements and consequently the direction the system takes. 



(in evolving systems, equilibria are not stable), mostly dissipative structures stabilised by the 
continuous throughput of matter, energy and information (Prigogine 1988). These structures 
can be considered as subsystems, and the meta-system as a hierarchy of nested systems. In 
such panarchies (Holling et al. 1998) higher and lower system levels influence each other, but 
the processes on the higher level cannot be explained (and even less so predicted) as 
aggregates of lower level processes and their interactions. 

The emerging structures offer a diversity of simultaneously existing possible stable states, 
which each (sub-) system can reach but also leave again, driven by its internal dynamics or by 
external influences. As long as it stays close to an attractor, trends may emerge with outcomes 
which are rather predictable, but which will end as soon as the system leaves the proximity of 
the attractor. It can then move into another attractor basin or into chaotic behaviour, from 
which new, partly path dependent development trajectories emerge (Prigogine, Stengers 
1984). Lower level system collapses may even be a precondition for stability at higher system 
levels (see forest fires or innovation processes). This stability, however, is a dynamic one (in a 
changing environment a stable, i.e. non-adaptive system cannot be sustained), and it tends to 
follow a cyclical pattern of four phases (Holling et al. 1998): 

(i) growth and renewal, 
(ii) stabilisation and sustenance, 
(iii) degradation and creative destruction, and 
(iv) innovation and reorganisation. 

Frequently observed time patterns show that phases (iii) and (iv) can be rather short, (i) may 
take some time and (ii) can be quite long. Each phase has its own attractors, but in particular 
in phase (ii) the meta-system may stay close to one long enough to permit the development of 
stable trends (and even to enable agents to forget that the quasi-stable state is only a temporary 
one). 
 

3.2 Scenarios and models 

The cyclical pattern of relative stability and abrupt changes leads to a situation where there is 
about always a probability of gradual change, but at the same time the possibility of abrupt 
change. Whereas incremental change is usually chosen as the basis for scenarios (partly 
because it is suitable to modelling, in system dynamic models including feedback loops), 
abrupt changes are accommodated by shock scenarios or wild cards. Shocks in this sense are 
unexpected events (a definition open to subjective assessments and failures) which manage to 
change the development trajectory by establishing a bifurcation driving the system into 
another attractor basin, introducing sudden changes of the selection criteria and process. Then 
scenarios are tools to sketch out possible futures of the system, illustrating one of many 
possible system biographies. As all computer models are insufficiently complex, scenarios 
must be based on narratives describing the irreversible process of system development 
(including non-linearities, thresholds, delays etc.) in a qualitative or semi-quantitative manner, 
e.g. by using ordinal scales and indicators, capturing as much of the system complexity as 
possible. Each scenario corresponds to one development trajectory or system biography, and 
vice versa. Each bifurcation constitutes a new scenario (which can also be described as a sub-
scenario, thus creating a hierarchy of scenario families). Consequently, the scenarios must 
reflect the dynamics of the system, confirm to the known facts, correspond to past experience 
and describe possible developments of the system without being able to quantify their 



probability. All of these criteria can be fulfilled based on informed qualitative and fact based 
reasoning, at best combed with brainstorming and participatory processes and with specific 
elements illustrated by model runs. However, in reality a choice must be made which 
scenarios to analyse, as the totality of possible futures is far beyond any given analytical 
capacity. Here again subjective elements are important: which scenario is considered the most 
plausible, the probable, the most positive or negative (worst case analysis), the most 
interesting, etc. 

Subjective choice and informed reasoning are also the basis of such complex elaborations as 
the MEA (2005) or the IPCC scenarios (Field et al. 2014), or the discourse based assessments 
of policy responses to shock scenarios of sea level rise undertaken in the ATLANTIS (2004) 
project.4 

As opposed to scenarios, models are necessarily based on the cause-effect relationship used in 
programming (and stochastic relations in fuzzy models), including feedback loops and in the 
best cases self-organisation processes. They cannot predict the future development of an 
evolving system, but can help to understand system processes. In the limited time periods of 
relative stability, in particular in the stabilisation phase, trend analyses and even probabilistic 
predictions may be possible (i.e. in these situations the uncertain and unknown factors play a 
marginal role, risk dominates uncertainty and ignorance). However, this stability is always a 
relative one, structural change happens at varying speeds, and abrupt changes remain possible, 
with unknown probability. 

Having this in mind, most predictions and forecasts published today should be considered to 
be scenarios. Doing so would imply the demand to lay open their assumptions to permit 
comparisons with alternative scenarios based on the same historical data, but different 
assumptions. This is also true if deterministic mental models and narratives have been used: 
their appropriateness in a specific state of the system cannot be proven inherently, but only by 
publishing their assumptions and comparing them to the observations of the system. In any 
case, scholars should be aware that even if demonstrated to be applicable at a certain point in 
time, their mental model may be invalidated the next moment by a change of structure or 
dynamics evolving in the “natural” or social system under observation. Thus mental models 
used for strategy development and conscious decision making (such as economic welfare 
theory, decision theory, game theory etc.) should be handled with caution and awareness of 
the system dynamics. 

Modelling is only possible for certain system elements and a limited set of system processes. 
Examples include complex geophysical systems like the SRES simulation runs used by the 
IPCC (IPCC et al. 2000), biodiversity models taking a certain climate envelope as given, land 
use models with inputs from climate and from socio-economic scenarios (e.g. Spangenberg et 
al. 2012), dynamic models for the positive feedback processes of successful behaviour of 
system elements which congeals into evolutionary stable strategies, which in turn drive the 
                                                 
4 Interestingly, 10 years after the scenario was developed based on assumptions considered grossly exaggerated, 
the assumed sea level rise of four to six meters has been shown to be on its way: since 2014 we know that the 
smelting of the Western Antarctic ice shield has become irreversible (Rignot et al. 2014; Showstack 2014), a 
development considered plausible but not probable at the time of the study. 



system towards a specific direction (for the ESS theory see e.g. Maynard-Smith 1974; 
Dawkins 1976; Maynard-Smith, Parker 1976), or economic models based on simplifying 
assumptions regarding consumer behaviour. 

Given these considerations it is rather obvious that not the modelling exercise but the story 
line is the backbone of each scenario, and simulation runs are useful to illustrate parts of it. 
Unexpected events, shocks, and bifurcations and other unpredictable events are then used as 
externally set starting points for the model to emulate the system behaviour. Consequently, 
modelling results cannot stand by themselves but must be interpreted in the story line context 
to become valid scenario results. 

 

3.3 Decision making in evolving systems 

The call for scientific support, scenarios and models frequently arises in situations where 
decisions about public action and policy are urgent, stakes are high and scientific knowledge 
is less than perfect, called “post-normal” situations by Funtowicz and Ravetz (2003). In these 
situations, the standard approach of causality analysis fails, as it is not capable of capturing 
the relevant system characteristics including non-linearities and conditions of uncertainty and 
ignorance. 

Even in the usual state of politics, values are disputed and stakes of “being wrong” are 
perceived as high, in both directions (Giampetro 2006). However, polity action is still needed 
despite the fact that in any situation science may be failing to identify relevant pressures or 
suggest precautionary measures that ex post turn out to have been unnecessary. In the 
“normal” political process, politics is always decision making under incomplete and uncertain 
information, and “all scientific work is incomplete – whether it be observational or 
experimental. All scientific work is liable to be upset or modified by advancing knowledge, 
which makes the nowadays frequent call for “science based” or, even worse, “evidence based 
decision making” questionable as scientific results are not only always open to falsification, 
but also often based on disciplinary mental models less complex than those of political 
analysis.5 

“That does not confer upon us a freedom to ignore the knowledge we already have, or to 
postpone the action that it appears to demand at a given time” (Hill 1965, p. 12). Thus in 
situations described as “normal” (Kuhn 1962), i.e. in the quasi-stable state of the system, the 
objective must be evidence evaluation at the science/policy interface to derive some 
provisional and “negotiated“ positions or “shared truths“, and to avoid “negotiated nonsense” 
(EEA 2004). Examples for such shared truths are the assessments by the IPCC, using seven 
different categories of strength of evidence (IPCC 2007), and the MEA, using five categories 
(MEA 2005). 
                                                 
5 Furthermore, less connected to the issue of system complexity, traditional scientific paradigms apply the 
quality criteria of the respective scientific communities by vigorously trying to avoid ‘type 1 errors’, i.e. not to 
corroborate false positives. This necessarily goes at the expense of creating ‘type 2 errors’, in other words 
producing false negatives. However, for decision makers and the public at it is important to balance the risk of 
falling victim to either error. 



As opposed to this quasi-stable situation perceived as “normal”, the (normal) dynamic state of 
the system corresponds to “post-normal” situations characterised by a level of irreducible 
uncertainty beyond the “normal” situation of politics and science, with the consequent failure 
of the standard methods of scientific investigation. Thus, not surprisingly for a dynamic phase 
of the system, in a considerable amount of cases our understanding of the system is not 
sufficient to determine the contributions of individual pressures this way, let alone those of 
the driving forces behind them. This uncertainty can be transitional, due to a lack of data 
which are at least in principle possible to gather, or structural due to the indeterminacy 
prevailing in the given development phase of the system under investigation. If uncertainty is 
transitional, cardinal data on probabilities and risk are lacking, either qualitative approaches 
can be used, e.g. by agreeing on ordinal scales including such categories as “sufficient 
scientific evidence”6, “balance of evidence”7, or “scientific suspicion of risk/available 
pertinent information”8. However, this attempt is double flawed. On the one hand, the 
qualitative estimates with their quantitative connotations pretend to provide a fuzzy 
quantitative scale rather than a qualitative ordinal one, although they are nothing but educated, 
discourse based guesswork (which may be the best result achievable if the system dynamic is 
taken into account). Secondly, they are based on one assumption regarding the future 
behaviour of evolving and thus essentially unpredictable non-equilibrium systems: the assume 
that for the time covered by the analysis the system will remain in its quasi-stable state, i.e. 
the system dynamics will not drive it out of the proximity of the attractor, and no shocks will 
occur. At best, such estimates can serve as conservative risk estimates, but not as the basis for 
policy relevant cost-benefit analyses, as suggested by the Millennium Ecosystem 
Assessment.9 

The most effective option for policy developments is then to focus on strategically dominant 
driving forces on an aggregate level, as these influence a variety of minor, but in their sum 
decisive pressures. This goes beyond individual pressures, as “responses will not be sufficient, 
however, unless the indirect and direct drivers of change are addressed” (MA, p. vi, message 
six, emphasis added). Analysing aggregate drivers can help identifying the need for an overall 
policy change (or even turn-around) to minimise pressures, based on precaution, with no hard 
evidence regarding the causality chain from drivers to impacts available. The necessary level 
of precaution or precautionary prevention depends on the quality of the information available, 
which in turn is influenced by the kind and the state of the system. They are the basis for 
attempts to modify the currently dominating development trajectory, and for policies that 
(hopefully) push the system towards the desired direction. 

                                                 
6 Corresponding to a level of about 80-95% probability and enough to justify trade restrictions designed to 
protect human, animal or plant health under the WTO Sanitary and Phytosanitary (SPS) Agreement, Art.2.2, 
1995. 
7 Used by the IPCC (2007), corresponding to a level of about 65-80% probability. 
8 Corresponding to a level of 55-65% probability and enough to justify provisional trade restrictions in cases 
where scientific information is insufficient under the WTO Sanitary and Phytosanitary (SPS) Agreement, 
Art.5.7, 1995. 
9 Even if (revealed) preferences are agreed as the basis for policy decisions, the benefit estimates essential for 
any cost-benefit analysis remain questionable as different methodologies produce widely varying figures. 
Thus the arbitrary choice of a method determines much of the outcome, violating procedural invariance 
(Chilton et al. 2006). 



The classification of necessary policy choices in cases of different qualities of knowledge 
stresses that precaution and precautionary prevention are the methods of choice in the 
dynamic stage of system development (for the assessment and management of knowledge 
quality see e.g. O'Connor 2002; van der Sluijs 2002; 2006). In this context, strategies cannot 
be developed as simple optimisation approaches, but have to serve a range of different 
objectives simultaneously. Subsequent optimisation, applying one criterion after the other is 
impossible, i.e. it will not lead to optimal results in any respect. This is valid for two reasons: 
first, systems theory and multi criteria decision analysis demonstrate that “it is impossible to 
maximise different objectives at the same time” Munda (1997, p. 216). Secondly, as the 
associative law does not apply to the system, the order of optimisation procedures counts, and 
each one will drive the system away from the state considered optimal for a certain purpose in 
the previous step (and due to irreversibility, there is no way back). Consequently, policies 
must not be based on unchangeable, decontextualized “iron laws” of whatever discipline, but 
have to take the state of the system into account. 

Table 1: Knowledge and decision making 

Situation Kind of system State of knowledge Futures Action required 

Certainty Deterministic ‘known’ future system 
behaviour, probability 
=1 

Prediction Adaptation, preparation for 
the events to come 

Risk Dynamic ‘known ‘ impacts, 
‘known’ probabilities 

Stochastic 
prediction 

Preparing for adaptation, 
prevention to reduce known 
pressures, directly or by 
modifying their driving 
forces 

Uncertainty Self-organising and 
evolving systems 

‘known’ impacts with 
‘unknown’ probabilities 

Scenarios, 
vulnerability 
analysis 

Precautionary prevention to 
reduce potential pressures 

Ignorance Self-organising, 
evolving and, 
undetermined 
systems 

‘unknown’ impacts, 
‘unknown’ 
probabilities, e.g. 
surprises, shocks or 
‘wild cards’ 

Scenario story 
lines, fiction 

Precaution, action taken to 
anticipate, identify and 
reduce the impact of 
‘surprises’ 

Source: EEA (2004), extended and modified 

As a simple optimum cannot be defined, a need to balance the objectives emerges, based on 
societal value decisions and insights. Defining the route a society should chose is no scientific 
task, but a political one – scientists can be instrumental by pointing to potential consequences 
of options under discussion, but their knowledge is never exhaustive and an ever-lasting truth, 
and their competence can never be a substitute for political legitimacy. Thus a multi-criteria 
decision process enforces the need for discursive decision preparation inherent to 2nd order 
problems and essential to the concept of post-normal science. Scenarios are one of the best 
tools available to inform such discourses, create an equal access to information and help to 
understand the need for, the sense of and the effects caused by precaution-oriented decision 



making based on broad acceptance. Scenarios are no truth machines, but helpful devices to 
explore different development options. 
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1. Introduction (edited – with suggestions, but not yet fully worked out) 

[We are, on the whole, not sure what will happen in the future. In order to make decisions 
nevertheless, we need to form an idea of what will happen. One way of doing this is by 
making predictions. [Explanation of two types of predictions: deterministic and 
probabilistic.]] 

Yet dealing with uncertainties does not simply take the form of trying to guess the most likely 
future state and base our decisions on this. It is often difficult to predict what will happen, so 
the odds that the situation we deem most likely will actually occur in reality will often be 
quite low. If we only consider the most likely situation, therefore, we are bound to not have 
thought about the actual situation at all in most cases. Moreover, the future situation will 
depend on our decisions; in other words, we actively shape the future with our decisions. 
Therefore, we may want to think about what the future would look like if we were to make a 
particular decision, without having to involve questions of how likely it is that this will 
happen. Of course, predictions and scenarios will ultimately be important together in our 
decisions that will have an impact on the course of things. 

For this reason, there is an important distinction between predictions and what is referred to as 
‘scenarios’. Both in academic literature and in press releases and media coverage, no clear 
distinction is made between predictions, projections, probabilistic forecasts and scenarios. 
Predictions are often referred to as scenarios, while certain scenarios, such as economic 
growth forecasts, are habitually presented as (probabilistic) predictions. 

The first part of this chapter is aimed at clarifying the different strategies used in dealing with 
uncertainties. In particular, it will focus on scenarios as a heuristic device.  

Scenarios are explorative tools. Unlike predictions, they do not claim to outline the future that 
will be, but describe a future which might become reality. These futures must be possible and 
inherently plausible, but not necessarily probable. A scenario may be aimed at exploring what 
possible future states may arise from certain policies or decisions – in this case, the type of 
scenario making is called ‘forecasting’. Alternatively, the scenario may take its start from a 
given future state that is deemed desirable, and try to see what policies or decisions may be 
required to bring about this situation – a procedure known as ‘backcasting’. In forecasting, 
scenarios can be based on ongoing trends, but also on unexpected events which change the 
development path. Such events can be external (shocks or wild cards), but also results of the 
inherent dynamics of a system that have been previously overlooked. In backcasting 
scenarios, a guiding vision is developed at the intersection of the possible and the desirable, 
and the events are policy interventions or behavioural changes which help to orient the 
development of the system towards that vision.  

Whether a view of the future is a scenario or a prediction depends less on the kind of forecast 
undertaken, but on the system context in which the undertaking is embedded. [General 
introduction of the idea of a ‘system’.] In this respect, three systems have to be distinguished: 



• the “real world system”, the object of the analysis, not accessible to direct human 
observation (as critical realism claims and environmental sociology shows) but able to falsify 
the construction of the following two systems by showing unexpected behaviour in a way 
which cannot be overlooked 

• the mental model applied in the analysis, which is the system the analyst perceives and 
bases his recommendations upon 

• computer models, the tools used to quantify the expectations raised by the mental 
maps 

Surprisingly, most public trust lies in the latter, although in order for them to be reliable first 
the mental model – although a simplification of “reality” – must capture its major behavioural 
characteristics to derive workable solutions, and secondly, the technical tools must be able to 
express the main characteristics of the mental model, which are more often than not 
qualitative ones, and translate them into quantitative functions. This suggests a careful 
analysis of the three systems, and an assessment of the impacts the simplifications inherent to 
the process (and to a certain degree its objectives) have on the recommendations derived. 

 

 


