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FOREWORD 

 

The ever-growing complexity of multi-layered political, administrative or economic 

decision-making concerning the management, use and protection of natural resources calls 

for enhanced decision-support tools. This applies particularly to freshwater systems where 

the interaction among multiple pressures, drivers and actors creates uncertainties for decison-

makers with potentially long-term ramifications on the sustainablilty of aquatic resources. 

The prevailing management paradigm for freshwater systems is integrated water resources 

management (IWRM) 1 . IWRM emphasises the manifold aspects of water resources 

management and requires that the complex natural, economical and social unit of river basins 

become the basis of management. This implies that decision-making should be able to handle 

such complex systems and the attached plethora of actors. The tremendous progress in recent 

years in data collection and computer-based modelling capacities decision analytics, offers 

tools for this – collectively referred to as decision support systems – for the enhancement of 

strategic policy-making.  

 

This course material provides an introduction to the principles of environmental decision 

support systems to a technically non-expert audience. To that end, the following basic 

questions will be analysed and answered: 

 

 What is a decision support system (DSS)? What distinguishes a DSS from technical 

information systems, such as geographical information systems, or from models? 

 What can be expected from a DSS? 

 What cannot be expected from a DSS? 

 

The course material will be structured as follows. First, the two main components of a DSS, 

i.e. predictive mathematical models and decision analytics are introduced. An overview on 

the main types of predictive mathematical models is provided, emphasising the unavoidable 

and critically important uncertainty and its types. As a special example of stochastic models, 

Bayesian probability networks are described in detail, for being simplified yet integrative 

tools for an easy comprehensive approach on environmental systems. In the decision 

analytical part, multi-attribute value theory (MAVT) is presented as the optimal framework 

for environmental decision support2, that can assist making rational decisions in the presence 

of uncertainty and conflicting objectives. The application of MAVT on a real, multi-

stakeholder environmental problem is demonstrated in a case study (water level regulation of 

a touristically and ecologically important lake). 

 

  

                                                 
1 GWP (Global Water Partnership), 2000. Integrated Water Resources Management. Global Water Partnership, 

Technical Advisory Committee, Technical Background Paper No. 5, url: 

https://www.gwp.org/globalassets/global/toolbox/publications/background-papers/04-integrated-water-resources-

management-2000-english.pdf (accessed at: 20.06.2018) 

2  Reichert, P., Simone D. Langhans, Judit Lienert, Nele Schuwirth, 2015. The conceptual foundation of 

environmental decision support, Journal of Environmental Management, 154: 316-332. doi: 

10.1016/j.jenvman.2015.01.053. 
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What will you not know? 

 Build a DSS. 

 Buid a non-trivial environmental model. 

 

What will you know? 

 Understand the concept and limitations of DSSs. 

 Recognize cases when an environmental DSS could be beneficial. 

 Understand that uncertainty inherently belongs to environmental decisions. 

 Understand and critically assess the outputs of a DSS or communications from 

operators of a DSS. 

 

Course prerequisites 

 Basic knowledge of mathematics and statistics 

 Basic knowledge of logical operations 

 Having heard of computer models and information systems, such as Geographical 

Information Systems 
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CHAPTER I 

 

WHAT IS A DECISION SUPPORT SYSTEM? 

 

A formal decision problem is a situation in which a decision-maker has to select a single 

alternative from a finite set of possible actions3. Such problems are found everywhere in 

many different forms from administrative and organizational decisions to everyday life of 

people.  

In a broad sense, a decision support system (DSS) is:  

“an information system that supports business or organizational decision-making 

activities. (…) Decision support systems can be either fully computerized or human-

powered, or a combination of both.” 4 

A more precise definition is so difficult to give, that despite the 50 year old history of DSS, 

a consensus is still lacking. At present, systems attributed to be DSSs are ranging from simple 

forecasting methods to complex systems that evaluate and even propose certain decisions.5  

Supporting decision-making with rational arguments based on mathematical – or in a broader 

sense: scientific – arguments has a long history, mainly driven by the military and 

optimisation of factory production. Operational research is the umbrella-term for applied 

mathematical methods that can solve (parts of) certain decision-making problems. 

Operational research (OR) includes applications of various mathematical optimization and 

statistical algorithms, queueing theory, statistical process models, etc. In a broader sense, any 

applied mathematical exercise that targets the forecasting of a response from a managed 

system or the optimisation of a managed system can be considered as operational research.  

As Wikipedia summarises6: 

“Operational research (…) encompasses a wide range of problem-solving techniques 

and methods applied in the pursuit of improved decision-making and efficiency (...). 

Nearly all of these techniques involve the construction of mathematical models that 

attempt to describe the system.” 

Note, that OR is a set of techniques, it does not readily provide decision support.  

As McCown summarises7, DSS is more than a set of OR procedures, it needs to replicate 

what human managers do in a decision-making situation: 

“Although the DSS movement had pragmatic origins in OR and management science, a 

few DSS workers acknowledged the strong philosophical influence of ‘‘the Carnegie 

School’’ (e.g. Keen, 1987; Stabell, 1987). (…) They argued that a key aspect of the ‘gap’ 

between theory and practice was that, as humans, managers are incapable of mentally 

optimising practice, since optimising assumes perfect knowledge of the states and 

                                                 
3 Terrientes, L. M. Del Vasto, 2015. Hierarchical outranking methods for multi-criteria decision aiding. PhD 

Thesis Universitat Rovira i Virgili, Spain. 
4 https://en.wikipedia.org/wiki/Decision_support_system 
5 https://en.wikipedia.org/wiki/Decision_support_system 
6 https://en.wikipedia.org/wiki/Operations_research 
7 McCown, R., 2002. Locating agricultural decision support systems in the troubled past and sociotechnical 

complexity of ’models for management’. Agricultural Systems 74, pages 11-25. 

https://en.wikipedia.org/wiki/Decision_support_system
https://en.wikipedia.org/wiki/Decision_support_system
https://en.wikipedia.org/wiki/Operations_research
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relationships in the environment. In real life, management behaviour amounts to a search 

for outcomes that are satisfactory rather than theoretically best. Although inevitably 

failing to satisfy the criteria for substantive rationality based on what is theoretically 

‘true’ in the biophysical world, this approach results in behaviour that can be shown to 

be procedurally rational (Simon, 1979). This so-called ‘behavioural’ approach utilises 

research to understand the mental processes of decision-makers managers in order to 

build computer programs that can mimic and improve on these internal heuristic 

processes. These workers linked this approach to the radical notion that human mental 

process can be considered analogous to symbolic information processing of digital 

computers—an idea that revolutionised cognitive psychology and gave rise to the field of 

cognitive science and artificial intelligence and to their derivatives, expert systems and 

knowledge-based systems.  

A message implicit in this ‘cognitive revolution’ that did not go unnoticed by DSS 

developers was that modern management (…) was becoming so complex that without 

computerised decision support systems future managers will be unable to cope. This 

interpretation of the workplace was reinforced by burgeoning and widely publicised 

studies in cognitive psychology that placed emphasis on human cognitive limitations (…) 

i.e. having severe biases in decision making due to multiple perceptual ‘insensitivities’, 

‘misconceptions’, and ‘illusions’ (Tversky and Kahneman, 1974).” 

 

In this sense, a DSS should perform most of the decision-making procedure in case of 

complex systems, such as the environment. But how would such a DSS look like? The ideal 

DSS would be an elegant, easy-to-use software on a computer readily accessible to a manager 

to provide interactive assistance in the manager’s decision process8. 

 

This (idealised) definition of DSS stems from the idea of Little9, which concentrates on the 

interactions between participants of decision-making. Mathematical models in OR are meant 

to be used by specialist systems analysts, who would provide scientifically-based guidance 

to decision makers 10 . Thus, the traditional organisational setup for a decision-making 

problem would involve the data, the system analyst who would apply operational reserch 

methods on the data and formulate rational arguments, and the decision maker, who would 

consider the arguments and do the decision itself. In this setup the analyst provides decision 

support backed up by the results from OR. 

 

In his seminal paper Little11  proposed the concept of DSS that circumvents the human 

middleman (the analyst) by developing an interface directly for the manager. Although this 

vision was made 50 years ago, it hasn’t been realized yet, at present environmental DSSs 

don’t exist in a strict sense.  

                                                 
8 McCown (2002) 
9 Little, J.D.C., 1970. Models and managers: the concept of a decision calculus. Management Science 16, pages 

B466– B485 
10 McCown (2002) 
11 Little (1970) 
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The biggest obstacle lies in the cornerstone of the utopian DSS: the meeting of the manager 

and the model. In the concept of Little the DSS meets the manager directly, so it should 

encompass all roles previously performed by the system analyst, which implies subject-

specific intelligence, communication capabilities with the decision maker and ability to adapt 

when requirements change12. As McCown (2002) points out: 

“A model of his operation can assist him but probably will not unless it meets certain 

requirements. A model that is to be used by a manager should be simple, robust, easy 

to control, adaptive, as complete as possible, and easy to communicate with (Little, 

1970, p. B-466).” 

 

When a management science model fails to possess any of these, it won’t be used as a DSS 

in Little’s sense. There have been a few applications, but the practice is an insipid picture of 

the promise13.  

 

By removing the scientist middleman and giving direct data access to the decision maker, 

Little’s idea would simplify the organizational aspects of scientifically supported decision 

making. The fact that such systems have not been realized ever since, is usually considered 

merely as a ‘problem of implementation’14! Ironically, it was found for an agricultural DSS 

that success of model-based decision support improve swhen model operation is taken from 

the farmer to an analyst, the exact arrangement Little tried to overcome15. 

 

McIntosh16 defines DSS based on the targeted decision contexts: 

“The concept of the DSS was developed by Gorry and Morton (1971) by building on 

the work of Herbert Simon (1960) whose work focused on organisational decision-

making. Simon (1960) distinguished three main phases of organisational decision-

making (what we will term ‘decision phases’) e (i) the gathering of “intelligence” for 

the purpose of identifying the need for change (called “agenda setting” by Rogers, 

2003); (ii) “design” or the development of alternative strategies, plans, or options for 

solving the problem identified during the intelligence gathering phase, and (iii) the 

process of evaluating alternatives and “choosing”. As described by Courtney (2001), 

                                                 
12 Little (1970) 
13 McCown (2002) 
14 McCown (2002) 
15 P.S. Carberry, Z. Hochman, R.L. McCown, N.P. Dalgliesh, M.A. Foale, P.L. Poulton, J.N.G. Hargreaves, 

D.M.G. Hargreaves, S. Cawthray, N. Hillcoat, M.J. Robertson, The Farmscape approach to decision support: 

farmers', advisers', researchers' monitoring, simulation, communication and performance evaluation, 

Agricultural Systems, Volume 74, Issue 1, 2002, pages 141-177. 
16 McIntosh, B.S., J.C. Ascough, M. Twery, J. Chew, A. Elmahdi, D. Haase, J.J. Harou, D. Hepting, S. Cuddy, 

A.J. Jakeman, S. Chen, A. Kassahun, S. Lautenbach, K. Matthews, W. Merritt, N.W.T. Quinn, I. Rodriguez-

Roda, S. Sieber, M. Stavenga, A. Sulis, J. Ticehurst, M. Volk, M. Wrobel, H. van Delden, S. El-Sawah, A. 

Rizzoli, A. Voinov, 2011. Environmental decision support systems (EDSS) development – Challenges and best 

practices, Environmental Modelling & Software 26(12): 1389-1402. doi:j.envsoft.2011.09.009. 
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Gorry and Morton’s (1971) original innovation was to distinguish between structured, 

semi-structured, and unstructured decision contexts, and then to define DSS as 

computer-aided systems that help to deal with decision-making where at least one 

phase (intelligence, design or choice) was semi- or unstructured.”  

 

A fully structured problem is unambiguous, it doesn’t leave room for considering 

alternatives, hence it does neither need decisions nor decision support. Thus, semi-structured 

or unstructured decision contexts are the key prerequisites for DSSs. According to Pidd17, 

decision situations can be grouped into three categories along the puzzle-problem-mess axis 

that describes the definitiveness of the decision problem. Structured decision contexts are 

puzzles, they have agreeable (or well defined) formulations and solutions. Less structured 

contexts are problems with agreeable formulations and arguable solutions, while messes are 

unstructured contexts with arguable formulations and solutions18. 

 

The description of these categories imply that decision contexts include problem formulation 

and the generation and selection of solutions. A problem formulation is arguable or contested 

when it is generally disagreed on the very nature and the causes of the problem19. An example 

can be a fictional drinking water scarcity problem in a city: is the lack of sufficient amounts 

of drinking water a consequence of poor infrastructure, poor resource management, natural 

resource limitation, or oversized demand? While the above question suggests that these 

potential factors are mutually exclusive, in fact they can be all proper answers to some certain 

degree and hence the formulation is arguable or contested. When solutions are arguable or 

contested, different views exist on each option’s suitability to solve the problem. Translated 

back to the example, concurrent management options for demand reduction could be for 

example: increasing the price, educate clients on methods for saving water, ban certain 

activities (garden sprinklers, filling swimming pools, etc.), or subsidize gardens populated 

with plants that tolerate arid conditions20.    

 

Following the above DSSs are the information systems meant for solving such semi- or 

unstructured problems. They are intended to support one or more phases of decision-making 

where either the decision formulation was agreeable but the solution arguable (semi-

structured decision context), or the formulation and solution were both arguable (unstructured 

decision context)21. 

                                                 
17 Pidd, M., 2003. Tools for Thinking, Modelling in Management Science, Second ed. John Wiley and Sons, 

Chichester 
18 McIntosh, B.S., Jeffrey, P., Lemon, M., Winder, N., 2005. On the design of computer-based models for integrated 

environmental science. Environmental Management 35, pages 741-752. 
19 McIntosh et al. (2011) 
20 McIntosh et al. (2011) 
21 McIntosh et al. (2011) 
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The differences between the above two alternative definitions of a DSS highlight that it 

remains a theroretical challenge to identify a commonly agreed definition of a DSS22. A DSS 

pioneer, Keen explained:  

“. . .that the intuitive validity of the mission of DSS attracted individuals from a wide range 

of backgrounds who saw it as a way of extending the practical application of tools, methods 

and objectives they believed in”23  

 

Keen also suggested that the diverse definitions of DSS could be logically ordered on a 

“Decisions+Support ––> System” spectrum that at one end emphasises the nature of the 

‘Decisions’ and method of ‘Support’ and on the other end emphasises ‘System’ technology24. 

This construct makes explicit the sociotechnological nature of DSSs25. 

 

Further definition attempts include more technically oriented examples too. Rizzoli and 

Young26 define DSS as a system of models, databases, other decision aids, all packaged in a 

way that decision-makers can readily use them. 

 

Cortés defines27 an DSS as “an intelligent information system that ameliorates the time in which 

decisions can be made as well as the consistency and the quality of decisions, expressed in 

characteristic quantities of the field of application”. Besides this, environmental DSSs play an 

important role in helping to reduce risks resulting from the interaction of societies and the 

environment. 

Elmahdi and McFarlane 28  specifically describe an EDSS as “an intelligent analysis and 

information system that pulls together in a structured but easy-to-understand platform (…) the 

different key aspects of the problem and system: hydrological, hydraulic, environmental, socio-

economic, finance-economic, institutional and political-strategic”, i.e. that EDSS should 

combine databases and modelling, and facilitate or be used within a participatory decision 

framework29. 

 

                                                 
22  Sprague Jr., R.H., 1980. A Framework for the Development of Decision Support Systems. Management 

Information Systems Quarterly 4, pages 1-26. 
23 Keen, P.G.W., 1987. Decision support systems: the next decade. Decision Support Systems 3, pages 253–265 
24 Keen (1987) 
25 McCown (2002) 
26 Rizzoli, A.E., Young, W.J., 1997. Delivering environmental decision support systems: software tools and 

techniques. Environmental Modelling and Software 12, pages 237-249. 
27  Cortés, U., Sànchez-Marrè, M., Ceccaroni, L., R-Roda, I., Poch, M., 2000. Artificial intelligence and 

environmental decision support systems. Applied Intelligence 13 (1), pages 77-91. 
28 Elmahdi, A., McFarlane, D., July 2009. A decision Support System for a Groundwater System Case Study: 

Gnangara Sustainability Strategy e Western Australia MODSIM09 International Congress on Modelling and 

Simulation. Modeling and Simulation Society of Australia and New Zealand 
29 McIntosh et al. (2011) 
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While definitions of a DSS can be different, they all emphasise ‘Decision Support’ to various 

degrees. However, DSSs, especially in the environmental contexts, have a clear secondary 

function as well. Besides resolving contested problems, DSS also help to increase the 

transparency of the decision-making process by providing an explicit description of both the 

problem formulation and the solution. Transparency arises because of the rational 

explanations provided on decisions and because of the reproducibility of the entire decision 

making process. It can be tested if the problem was solved in a robust way that is if slightly 

different problem formulation or weighing between different aspects could lead to a 

significantly different outcome30.  

 

In the following, we will use a liberal definition of DSSs: all systems that contribute to rational 

and transparent decision making can be considered to be a DSS, given that they handle at least 

one non-technical aspect (that is: an economical or social attribute). The condition in the 

definition was added to distinguish a DSS from a model, that only considers technical aspects. 

In this manner, a computer model of a catchment is not a DSS, but an extended version that 

helps to optimise intervention costs is a DSS. 

 

I.1 Environmental DSS in practice 

 
The motivation for creating environmental DSSs stems from the complexity of environmental 

and social problems humanity faced during the last 50 years31. From the late 20th century 

onwards these problems became complex, intertwined, and more and more global. Responding 

to such problems requires a comparably complex response from society, affecting consumption, 

production methods, resource management, and in general the change of attitude. Faced with 

such drivers for change, scientific rationality has emerged as a prominent force in 

environmental policy and management worldwide32. Scientific methods based on rationality 

provided means of approaching such complex systems and therefore became the basis for 

environmental policy and management worldwide. Robust scientific analysis and evidence 

provide support for formulating new policy objectives regarding the environment and resource 

utilization and this is generally accepted by the public. In conjunction with the rise of scientific 

rationality as a policy driver, there has been a global growth in the supply of tools and 

technologies to support policy assessment in various ways, accompanied by a growth in demand 

for decision support tools33. 

 

                                                 
30 McIntosh et al. (2011) 
31 McIntosh et al. (2011) 
32 McIntosh et al. (2011) 
33 Nilsson, M., Jordan, A., Turnpenny, J., Hertin, J., Nykvist, B., Russel, D., 2008. The use and non-use of policy 

appraisal tools in public policy making: an analysis of three European countries and the European Union. Policy 

Science 41, 335-355 
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The recent extent and scale of environmental problems justify the involvement of DSS, as a 

technology that assists policymakers and managers in the comparative assessment of different 

regulation and management options.   

 

Numerous EDSSs have been developed covering a broad focus of modelling approaches and 

technologies, and utilising a wide range of implicit or explicit definitions of decision support34. 

However, on the “Decisions+Support ––> System” scale of Keen35 most EDSS research falls 

on, or close to the “System” extreme. Environmental modeling is a much better developed 

discipline, DSS aspects only typically occupy a marginal role (that’s why we distinguish 

between models in a strict sense and DSSs).  

 

Just like in other fields, EDSSs have also induced concerns36. While the technology itself is 

tempting, there are only few examples on real-world operating EDSSs37, and even less when 

such an EDSS was subject to evaluation38. 

  

                                                 
34 McIntosh et al. (2011) 
35 Keen (1987) 
36 McIntosh et al. (2011); Diez, E., McIntosh, B.S., 2009. A review of the factors which influence the use and 

usefulness of Information Systems. Environmental Modelling and Software 24 (5), 588-602.; Lautenbach, S., 

Berlekamp, J., Graf, N., Seppelt, R., Matthies, M., 2009. Scenario analysis and management options for sustainable 

river basin management: application of the Elbe-DSS. Environmental Modelling and Software 24, 26-43; Oxley, 

T., McIntosh, B.S., Winder, N., Mulligan, M., Engelen, G., 2004. Integrated modelling & decision support tools: 

a Mediterranean example, environmental modelling and software. Special Issue on Integrated Catchment 

Modelling and Decision Support 19 (11), 999-1010.; Elmahdi, A., Kheireldin, K., Hamdy, A., 2006. GIS and 

multi-criteria evaluation: robust tools for integrated water resources management. IWRA 31 (4) 
37 Cortés et al. (2000); Poch, M., Comas, J., Rodríguez-Roda, I., Sánchez-Marré, M., Cortés, U., 2004. Designing 

and building real environmental decision support systems. Environmental Modelling & Software 19, 857-873; 

Twery, Mark J., Knopp, Peter D., Thomasma, Scott A., Michael Rauscher, H., Donald Nute, E., Walter Potter, D., 

Frederick, Maier, Jin, Wang, Mayukh Dass, Uchiyama, Hajime, Glende, Astrid, Hoffman, Robin E., 2005. NED-

2: a decision support system for integrated forest ecosystem management. Computers and Electronics in 

Agriculture 49, 24-43; Argent, R.M., Perraud, J.-M., Rahman, J.M., Grayson, R.B., Pod, G.M., 2009. A new 

approach to water quality modelling and environmental decision support systems. Environmental Modelling & 

Software 24, 809-818.; Elmahdi et al. (2009) 
38 E.g. Inman et al. (2011). 
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CHAPTER II 

 

THE PROCESS OF ENVIRONMENTAL DECISION-MAKING 

 

The process prior to decision making can be described by an iterative algorithm that cycles 

between outlining management alternatives, which are the subjects of the decision, 

estimating their impacts and then evaluating and ranking them (Figure 1). The actual decision 

is made when after some iteration cycles a certain management alternative is deemed optimal 

with regard to its consequences in the current decision making context. The decision about 

the apparently best management alternative can formally belong to three classes based on the 

supporting evidence: 

• Accepting the management alternative (voting for its implementation), because there is 

enough and confident evidence about its preferable impact. 

• Rejecting the management alternative (voting for not implementing it), becasue there is 

enough and confident evidence about its negative impact. 

• Postponing the decision due to the lack of sufficient or convincing evidence for any of 

the previous options. 

The judgement on the confidence of evidence depends on the decision making context and the 

principles governing the decision maker (e.g. being precautious (totally avoiding risks), or 

hazardous (being able to cope with certain risks)).  
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Figure 1. Phases of decision-support39 

 

 

 

 

 

 

                                                                                                                                                  

                                                                                                                                                      

                                                                                                                                                      

                                                                                                                                                      

                                                                                                                                                      

                                                                                                                                                      

                                                                                                                                                      

                                                                                                                                                      

                                                                                                                                                      

                                                                                                                                                      

                                                                                                                                                      

                                                                                                                                                      

                                                                                                                                                      

                                                                                                                                                      

                                                                                                                                                                                                                                                                                                           

                                                                                                                                                      

 

Figure 2. Algorithm of decision support from the environmental system perspective40. 

 

                                                 
39 Schuwirth N., Honti M., Logar I., Reichert P., Stamm C., 2018. Multi-criteria decision analysis for integrated 

water quality assessment and management support (manuscript) 

40 Lanz, K., Eric Rahn, Rosi Siber, Christian Stamm 2013. NFP 61 – Thematische Synthese 2 im Rahmen des 

Nationalen Forschungsprogramms NFP 61 «Nachhaltige Wassernutzung» Bewirtschaftung der Wasserressourcen 

unter steigendem Nutzungsdruck. Swiss National Science Foundation. url: 

http://www.snf.ch/SiteCollectionDocuments/medienmitteilungen/mm_141106_nfp61_thematische_synthese_2_

d.pdf (accessed at: 20.06.2018) 
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An example decision support algorithm based on the concept of value-focused thinking41 is 

presented here following the works of Schuwirth42. The algorithm consists of 8+1 steps (Figure 

1):  

1. Definition of the decision context and the scope of the decision. This includes the 

identification of stakeholders to be involved in the decision making process, their roles, as 

well as important boundary conditions.  

2. Identification of fundamental objectives, which should ideally be fulfilled by the 

management alternatives. These should include all decision criteria considered to be 

important. The objectives can be structured in form of a hierarchy to facilitate the 

quantification of preferences. 

The next steps (3. and 4.) can be carried out in different orders or even in parallel.  

3. Selection of management alternatives that should be assessed.  

4. Quantification of preferences. Preferences can be quantified by measurable value 

functions 43  that describe the degree of fulfillment based on quantitative measurable 

attributes. When multiple stakeholders are involved in the decision support process, one 

can elicit a value function for each person or stakeholder group.  

5. Deficit analysis by applying the value function(s) to the current state. This can stimulate 

the planning of management alternatives44. 

6. Prediction of consequences based on the current state of knowledge. While quantification 

of preferences reflects the subjective values of the decision maker or stakeholders, 

prediction of consequences must be carried out as objectively as possible.  

7. If the fulfillment of the objectives monotonically increases or decreases with certain 

measurable attributes, a dominance analysis can rank alternatives even without knowing 

the full preference structure45 . However, conflicting objectives are more typical for 

environmental decision making (for example: treatment efficency and cost). In such 

cases, the trade-off that stakeholders are willing to make decide which alternative is 

preferred. 

8. Evaluation of all alternatives are evaluated based on the prediction of consequences and 

the quantified preferences of all stakeholders. Evaluation reveals how well the different 

alternatives fulfill the objectives and if there are consensus-solutions that satisfy all 

stakeholders or eliminate strong conflicts.  

                                                 
41 Keeney, R. L. 1996. Value-Focused Thinking. Harvard University Press 

42 Schuwirth, N., Reichert, P., and Lienert, J., 2012. Methodological aspects of multi-criteria decision analysis for 

policy support: a case study on pharmaceutical removal from hospital wastewater. European Journal of Operational 

Research 220, pages 472–548. doi: 10.1016/j.ejor.2012.01.055 

43 Dyer, J. S., and R. K. Sarin. 1979. Measurable multiattribute value functions. Operations Research 27, pages810-

822. 
44 Reichert et al. (2015). 
45 Eisenführ, F., Weber, M., and Langer, T., 2010. Rational Decision Making. Springer, Berlin. 
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9. Deficit analysis may also stimulate the creation of new alternatives, leading to an iterative 

procedure46. 

The decision support algorithm requires two basic types of mathematical tools (Figure 2). 

The prediction of consequences is basically an impact assessment of management alternatives 

that is usually done by models due to the complexity of environmental systems. Models are 

discussed in section 3. The evaluation of outcomes in a quantitative way is most often carried 

out by relying on Multi Criteria Decision Analysis (MCDA), due to the multitude of 

stakeholders and preference aspects in typical environmental problems. An implementation 

of MCDA via Multi-Attribute Value Theory (MAVT) is shown in the case study of section 

6.  

                                                 
46 Hostmann, M., T. Bernauer, H.-J. Mosler, P. Reichert, and B. Truffer. 2005a. Multi-attribute value theory as a 

framework for conflict resolution in river rehabilitation. Journal of Multi- Criteria Decision Analysis 13:91-102.; 

Hostmann, M., M. Borsuk, P. Reichert, and B. Truffer. 2005b. Stakeholder values in decision support for river 

rehabilitation. Archiv für Hydrobiologie. Supplementband. Large rivers 15, pages 491-505. 
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CHAPTER III 

 

ENVIRONMENTAL MODELS AND THEIR UNCERTAINTY 

 

III.1. Environmental systems and models 

Environmental decision-making is complicated by the uniqueness and complexity of natural 

systems and the often competing needs of multiple stakeholders47. Natural systems are all 

different to a certain degree, that is similarities between even closely related systems are limited. 

It is generally impossible to find environmental systems that are precise clones of each other, 

therefore one cannot apply one system as an unaffected control of another when implementing 

a certain management measure. Consequently, for an environmental system it is difficult to 

answer the following questions: “What would have happened without a certain intervention?”, 

and “What will happen after a certain intervention?”. Uniqueness hinders the collection of 

statistical evidence too. The success or the failure of a certain management method against the 

expectations can always be attributed to differences between the actual system and those 

considered as a similar reference. As a result, it is difficult to collect a homogeneous dataset of 

statistical evidence (contrary for example to medical treatments). 

Moreover, such systems are indeed complex, especially compared to the capabilities of 

environmental monitoring. At the present, best available technology (and typically allocated 

funds) allows us to monitor up to dozens of environmental parameters with either fine spatial 

or temporal resolution. In contrast, even small environmental systems consist of hundreds of 

ecological and social actors, exhibit very high spatial heterogeneity and evolve quickly. 

Consequently, environmental systems in their full complexity are beyond the bounds of our 

consciousness and we have to make decisions based on partial information and brutally 

simplified analogies on how the systems work. Therefore, uncertainty pervades all aspects of 

environmental decisions48. 

Environmental decisions and their consequences are not repeatable in a statistical manner, that 

is there is no way to repeat the exact decision situation on the very same system to explore the 

role of pure randomness, the analysis of decision consequences is most often carried out 

virtually, with the help of models. 

To define models, Reichert49 first defines environmental systems as: “An environmental system 

is a part of the natural or man-made environment, separated from the rest of the world by well-

defined system boundaries” (Figure 3). In a broad sense, environmental systems range from 

laboratory experiments (e.g. an in vitro test of pollutant degradation, such as an OECD 308 

simulation experiment) through vast areas of natural and man-made environment (e.g. river 

basin management planning on hundreds of thousands of km2) to the entire planet (e.g. climate 

change). From the perspective of decision support, systems affecting a portion of the true 

environment that already rises social and economic interests are of significant importance. In 

                                                 
47 Maier: H.R. Maier, J.C. Ascough II, M. Wattenbach, C.S. Renschler, W.B. Labiosa, J.K. Ravalico, Chapter Five 

Uncertainty in Environmental Decision Making: Issues, Challenges and Future Directions, Editor(s): A.J. 

Jakeman, A.A. Voinov, A.E. Rizzoli, S.H. Chen, Developments in Integrated Environmental Assessment, Elsevier, 

Volume 3, 2008, pages 69-85. 
48 Myšiak, J., Giupponi, C., Rasato, P., 2005. Towards the development of decision support system for water 

resource management. Environmental Modelling & Software 20, pages 203-214. 
49 Reichert, P. 2012. Environmental Systems Analysis. EAWAG Dübendorf, Switzerland. 
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general, system boundaries should be chosen so that the system is minimal, but self-contained 

as much as possible at the same time.  

 

 

 

Figure 3. The conceptual links between environmental systems and models (after Reichert 

2012), here depicted on the example of a small lake and its catchment. 

 

System boundaries should include all parts of the environment that are relevant in the 

investigated context, but not more to avoid unnecessary complexity. This concept is related 

to the impact area concept used in environmental impact assessment. A well-chosen system 

definition includes all parts where impact of internal mechanisms is expected to be significant 

(=the impact area in EIAs) and those too, from where the internal mechanisms are likely to 

be influenced.  

Self-containment means that external influences across the system boundaries should be 

minimised. This does not mean that an ideal model is not exposed to any external influence 

factors. Environmental systems are all open to a certain degree, and hence influenced by 

factors more or less independent from the happenings inside the system. Even when the 

investigation is carried out on a global scale, external influence factors still exist. For 

example, during the modeling of climate change, global circulation models that describe the 

entire atmosphere and surface hydrology of the Earth, yet external influence factors still exist 

in the form of radiative forcing (e.g. the Sun’s activity) and greenhouse gas emissions from 

natural and man-made sources.   

After defining environmental systems, Reichert50 defines models: “A theoretical construct that 

builds an abstract representation of a system is called a model. (…) Because of the complexity 

                                                 
50 Reichert (2012). 
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of environmental systems, such models can only be strongly simplified representations of 

structure and function of the underlying system.”  

Detail spent on description and aggregation of certain aspects depends on the purpose of model 

application, on available data, on effort availability and the focus of the model study. For this 

reason, many models have been developed for rather similar environmental problems. For 

example, the prediction of river discharge from catchments as a function of rainfall and other 

meteorological boundary conditions have insipired dozens of structurally different models, 

while the basic problem is rather similar all over the temperate regions of the World. However, 

given that a description with full complexity was out of question for all modellers, the 

abovementioned factors resulted in different solutions. These factors generally mean that there 

is not a single, optimal, and objective model for any environmental system51. Instead, there can 

be several alternative descriptions of the same system in form of different models, each being 

adequate for addressing different set of scientific or decision support questions. These different 

models may differ in the detail of structure and processes, in the way they represent processes, 

and in the mathematical structures and formalisms used for system description.  

While the definition of environmental models allows for different constructs too, in the 

following we focus on mathematical models. Such models use mathematical expressions 

represent the abstract version of the system. Building a mathematical model requires 

formulating knowledge and hypotheses quantitatively, and such models lead to quantitative 

results that can be compared for example to quantitative properties of the real system or to 

quantitative evaluation criteria.  

Each model is constructed through the process of abstraction of observed system behaviour52. 

The interpretation and use of model results differs by the setup. The basic purpose of models is 

to estimate the system’s response as a function of external influence factors, namely 

unprecedented ones, otherwise historical observations could be used instead of models. When 

the estimated response from actual influence factors is compared to the actual response of the 

true system and the difference is used to fine-tune the model, the process is called calibration. 

When the estimated response is still compared to the actual but the model remains untouched, 

the process is called validation. During validation, discrepancies between the estimated and 

actual responses are critically evaluated to judge if the model succeeded to grasp the essential 

behavioural features of the true system. When hypothetical (future) influence factors are used 

as the boundary conditions, the model performs true prediction.  

A model is typically calibrated first (when this is possible), by adjusting its settings to match 

the system in question as closely as possible. Afterwards, the model needs to be validated to 

prove that it is a rationally acceptable abstraction of the modelled system and therefore its 

extrapolations to unprecedented boundary conditions can be accepted too (Figure 3). Finally, 

the actual utility of models is true prediction, yet the results of this phase are conditional on the 

results of the validation phase. 

It is important to emphasise, that – similarly to any scientific theory – models cannot be proven 

correct. Comparing the model’s behaviour to that of the real system on data not used during 

                                                 
51 Reichert (2012). 
52 Reichert (2012). 
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model creation and calibration (model validation or corroboration) can provide evidence about 

the representativeness of the model, but with only the following two outcomes: 

• Evidence on the model replicating the real system in an acceptable way proves that the 

model was acceptable under the corresponding boundary conditions and internal state. In 

other words, this is a lack of universal counter-evidence. 

• Evidence on the model failing to replicate the real system’s behaviour to an acceptable 

degree refutes the model universally. Such a model cannot be considered as a faithful 

representative of the true system. 

As a consequence, a properly validated model can be considered as a model that has not been 

disproved yet. This maintains the future perspective for different, better models for the same 

purpose. As Reichert 53  summarises, an ideal model properly represents the known causal 

relationships of the modelled system; it has a high degree of structural universality; high 

predictive capability; allows identifying its model parameters from measured data; and has a 

simple structure as long as this does not conflict with the other desired properties or the purpose 

of modeling. 

As the definition of models suggested, models are hardly distinguishable from general scientific 

theories. Actually, mathematical models are formal quantitative statements about the modelled 

system, and as such mathematical expressions of our knowledge or belief of system functioning. 

Furthermore, due to their transparent and objective definition, mathematical models can be 

considered as specialised languages for summarising and communicating the previously 

mentioned knowledge. However, the typical applied usage of models is that they are considered 

as rational, scientifically accepted predictors of system behaviour for unprecedented scenarios 

of external influence factors. As such, models are extensively used in environmental impact 

assessment and decision making in general.  

III.2. Model development and application 

The application of an environmental model consists of multiple stages (Figure 4). After 

identifying the problem, a structure is developed based on the available theoretical background 

and resources. This includes the mathematical formulae, which describe the response of 

important quantities, the state variables in response to the external influence factors. The 

formulae typically contain coefficients that characterise certain inherent, time-invariable 

properties of the modelled system. These coefficients are called parameters. Contrary to 

physical models, most environmental parameters are weakly or not known due to their abstract 

nature and must be inferred indirectly from observations. This inference procedure is called 

calibration. During calibration, weakly or not known parameters are adjusted so that the 

model’s response matches corresponding observations about the real system as closely as 

possible. Calibration can utilise other, not necessarily system-specific information as well, 

when carried out in a Bayesian way (see section 4). Calibration alone is not sufficient to begin 

using the model, because fitting to certain observations does not guarantee that the 

characteristics of the system were fully captured. Observations that are independent from the 

dataset used during calibration should be used to check this in a phase called validation. During 
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this, the calibrated model is used as if it was predicting, and the outcome is compared to the 

validation data. When the model’s performance is deemed sufficient, the model can be used for 

the dedicated purpose: prediction. In case of failure, the model needs to be revised with regard 

to its structure and parameter values. 

 

 

Figure 4. Phases of model development. 

 

During calibration, it has to be ensured that the model does not get overfitted. Unnecessarily 

complex model structures tend to increase the goodness of fit on calibration data at the price of 

losing generality. All environmental models have uncertainty; therefore it is not advisable to 

aim for a total eradication of errors during calibration. As an example, consider n observation 

point pairs from a linear relationship, where observations contain some random error. The 

proper model for such a dataset is obviously linear. However, due to the presence of errors, fit 

will not be perfect even after the calibration of its model parameters (the adjustment of 

regression constants). Increasing model complexity can obviously help. Changing the model to 

a higher order model will reduce calibration errors, an n-th order polynomial will even fit 

perfectly. The downside of this is the loss of stability in between and outside the observation 

points, which seriously compromises the extrapolation capabilities of the model. Overfitting 

can be obvious in simple cases when all observations and the entire model domain can be 

overviewed. In multi-dimensional, complex problems it is quite hard to detect. Therefore, the 

practical rule of thumb is the applied version of Occam’s razor: the best model is the simplest 

in terms of structure and degrees of freedom (the number of adjustable parameters) that fits the 

data with acceptable accuracy.     
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III.3. Uncertainty of models 

Environmental modeling is heavily affected by uncertainty due to the uniqueness and 

complexity of natural systems. Environmental models often cannot reproduce the observed 

(past) behaviour of the modelled system within the accuracy of observations, so there are 

obvious errors. During predictions, there are errors too, with strong dependence on the model’s 

suitability for the given purpose. In most cases, prediction errors are greater than errors 

experienced during calibration, just like the future is more uncertain than the past (Figure 5).  

The presence of uncertainty is not unique to environmental modeling. The aphorism “All 

models are wrong” (attibuted to statistician George E. P. Box) nicely summarises the necessary 

decrease of accuracy during the abstraction process of model development. Models have to be 

simpler than the modelled systems, and therefore they cannot reproduce the real system’s 

behaviour to the least detail. An improved version of the aphorism is “All models are wrong 

but some are useful” (G. E. P. Box), underlining that the best model for a specific purpose is 

still wrong, yet it provides useful and informative approximation about the modelled system. 

 

Figure 5. True response of a system (Y, open circles), and observations about it (Yo, closed 

circles, containing observation errors) for the past (t < 12.5). Two models (lines) are fitted 

to the observations, with the same goodness of fit. Despite having the same explaining 

power for the past and therefore being equally valid, predictive performance is dramatically 

different in the future (shaded right half, t > 12.5), in favour of the exponential model 

(which still has a significant bias then). Yet, this only becomes obvious when observations 

in t > 12.5 gradually become available. 

 

Uncertainty in general is categorised into two broad types54: 

• Aleatory uncertainty is real randomness. The term aleatory stems from the word ‘alea’ (lat. 

‘dice’). True stochastic behaviour can be described by probability theory, which characterises 
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events by their observed frequencies or their limits of observed frequencies upon the 

numerous repetitions of experiments. 

• Epistemic uncertainty is uncertainty subjective to the observer or modeller due to his/her lack 

of knowledge (i.e. the outcome of an otherwise deterministic event becomes unpredictable 

for the observer as critical pieces of information are unavailable). The mathematical 

description of epistemic uncertainty requires a formulation that can treat knowledge or degree 

of belief and an algorithm that handles updating these when new pieces of empirical evidence 

become available. Epistemic uncertainty is inherently subjective to either individuals or 

groups55 (for example, scientists, modellers, or managers of a certain topic), as knowledge 

and beliefs cannot be universal and objective56.  

Drawing the border in between the aletory and epistemic categories is a philosophical question. 

One can argue that most natural (physical/chemical) systems are deterministic57 and hence all 

observable ‘randomness’ falls into the epistemic category. Even the outcome of throwing a dice 

(a purely physicl experiment) could be predicted given that all boundary and initial conditions 

are known precisely. On the other hand, due to the impossibility to observe everything in the 

finest detail, systems extremely sensible to perturbations (such as the dice to the microscopic 

topograpy of the table surface and to the exact path and force of the throw) are typically 

considered to be truly random and producing aleatory uncertainty.  

The most relevant type of model uncertainty is predictive uncertainty. When a model is used 

for prediction (e.g. to describe the future behaviour of the modelled system, typically under 

different extrenal influences), the estimation of predictive uncertainty is absolutely necessary58. 

Components of the prediction uncertainty are usually classified as follows59: 

• Aleatory uncertainty inside the system: true non-deterministic behaviour of the system. 

• Epistemic uncertainty. The following sub-categories are distinguished: 

• Parametric uncertainty: lack of information on the inherent, time-invariant properties of 

the system. In certain cases parameters may even vary in time due to improper abstractions 

involved in model formulation, altogether causing additional parametric uncertainty. 

• Structural uncertainty: improper or incomplete formulation of the mathematical 

constructs.  

• Uncertainty of external influence factors: improper or incomplete knowledge about the 

inputs and boundary conditions that the system is exposed to. 

• Numerical uncertainty: imprecise solution algorithm chosen during the computer coding 

of the mathematical model. 

                                                 
55 A belief specific to a certain group of individuals is called an “inter-subjective belief”. 
56 In the rational domain. 
57 Outside the range of quantum effects. 
58 Reichert (2012). 
59 Beck: M.B. Beck, Hard or soft environmental systems?, Ecological Modelling, Volume 11, Issue 4, 1981, Pages 

233-251, ISSN 0304-3800, https://doi.org/10.1016/0304-3800(81)90060-0.; Reichert (2012) 

 

https://doi.org/10.1016/0304-3800(81)90060-0
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The above types describe the uncertainty of the model itself, all these components leave their 

imprints in the model results. It is important to emphasise, that all environmental models are 

affected by all these sources of uncertainty. It is only the severity of influence that may be 

different among models.  

Whenever the model is calibrated or validated, observations about the response of the real 

environmental system are utilised. These are always influenced by observation uncertainty, 

which itself is a combination of aleatory and epistemic parts. Classical random measurement 

noise is aleatory, while deficiencies of the sampling design (bad choice of measurement 

methods, non-representative timing or spatial coverage, etc.) contribute with epistemic 

components to the observation uncertainty.   

Due to the multitude of uncertainty sources, environmental modeling is indeed an art of living 

together with uncertainty. Harshly speaking, nothing is right with environmental models. 

During model calibration, the results of an improperly formulated mathematical construct 

having badly specified parameters and propelled by error-laden external drivers are compared 

to observations containing errors and anyway hardly representing the behaviour of the true 

system. During prediction, the same model is taken to boundary conditions seldom experienced 

before and it is believed that the predictions still bear some meaning concerning the expected 

responsed of the true system. Nevertheless, models are the best rational forms of forecasting 

and therefore widely used. This is possible because a proper (mathematical) assessment and 

acknowledgement of uncertainty enables modellers to estimate the credibility of their 

predictions and therefore imprecise predictions can still provide a basis for rational decisions 
60. 

III.4. Mathematical treatment of uncertainty 

Probability theory is a framework building on axioms61 designed to describe true randomness62. 

Relative frequencies fulfill the probability axioms. Therefore, probability theory is the obvious 

choice to describe aleatory uncertainty63 – no wonder, it was developed for that. An additive 

benefit is that probability theory is widely known and taught everywhere, and therefore its 

concepts are familiar to most decision-makers, which facilitates communication. 

The mathematical treatment of epistemic uncertainty is less obvious. Several alternative 

theories exist and therefore there is no obvious choice for quantifying subjective knowledge or 

beliefs 64 . Nevertheless, conformity to certai rationality axioms can provide some hint. 

Reichert 65  found that there were three requirements of rationality that all independently 

suggested probability theory as the optimal mathematical framework for the description of 

subjective knowledge and beliefs: 

                                                 
60 Reichert, P., and Borsuk, M. E., 2005. Does high forecast uncertainty preclude effective decision support? 

Environmental Modeling and Software 20 (8), 991–1001. doi:10.1016/j.envsoft.2004.10.005 
61 Briefly, by Kolmogorov’s formulation: probability of an outcome is a non-negative number; the probability of 

at least one outcome happening from the set of all possible outcomes is 1; the probability of a sequence of mutually 

exclusive outcomes is the sum of their probabilities. 
62 Reichert (2012). 
63 Reichert (2012). 
64 Reichert (2012). 
65 Reichert (2012). 
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1. If one assumes beliefs to be rational (e.g. the person stating beliefs wants to avoid sure 

loss and two events having the same risks are indifferent for him/her), then probabilities 

must be used to describe beliefs. 

2. If we request that the beliefs follow the rational rules of conditionality (a. Belief in event 

A not happening is a function of a belief in the contrary [event A happening]. b. Belief in 

events A and B happening together is a function of the beliefs of event A happening given 

that event B happened and the belief in event B happening.), then probabilities must be 

used to describe beliefs. This assumption is the Theorem of Cox (Cox, 1946), and is 

important for decision support because among others, management measures are 

boundary conditions that need to be considered when evaluating a certain outcome66. 

3. Many systems exhibit some random behaviour besides being primarily deterministic. 

Uncertainty about such system can be predominantly epistemic when knowledge and 

observations are insufficient. By increasing the body of evidence, epistemic uncertainty 

should gradually become equal to the aleatory uncertainty. If we require this to be a 

smooth transition, then the same mathematical framework must be used for both types67.  

However, classical probability theory needs extensions to be able to cope with subjective 

beliefs. The extension is called Bayesian statistics.  

III.5. Interpretation of probabilities 

The interpretation of probabilities in classical – so called frequentist – statistics is based on 

the reproducibility of random events and their outcomes. A frequentist probability is only 

interpreted for a truly random events – which are reproducible –, as the limit of relative 

frequencies of a certain outcome. The probability for a certain outcome is the proportion of 

these outcomes divided by the number of tries (=the number of all outcomes), as this latter 

increases to infinity. When a frequentist probability is estimated from limited evidence, the 

estimation will contain errors, the level of which depending on the number of experiments 

and the number of the specific outcome. Remember the case of throwing a dice: What is the 

probability estimate for getting a 5? From a single throw one can guess 100% or 0%, 

depending if the outcome was a 5 or not. While this estimate is rational, there is no evidence 

besides the result of the one and only throw, the uncertainty of this estimation – the 

confidence interval – spans the entire probability range: 0–100%. By doing more throws, the 

estimate converges to around 1/6 and its confidence interval gradually reduces. Yet, an 

immense number of tries is required to get a very precise empirical estimate of the probability 

and a negligible error range.  

Most environmental systems show some random behaviour due to extreme sensitivity to certain 

initial conditions and external influence factors. It is often reasonable to describe such non-

deterministic behaviour by putting stochastic elements into the model structure68. Frequentist 

probabilities and inference techniques (such as the likelihood method) provide a consistent 

framework for that, yet inference becomes seriously weak when system identification is 

problematic – a typical situation for environmental models. The most powerful application of 
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systems or just cases with insufficient knowledge? 
68 Reichert (2012). 
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frequentist statistics in environmental modelling is the testing of hypotheses formulated as the 

model itself. 

The Bayesian interpretation of probabilities is less restrictive than the frequentist one. This 

epistemic probability interpretation allows assigning probabilities to any subjective belief, not 

just only truly random events. By using the classical frequentist rules for conditional 

probability, Bayesian statistics allows a mathematical treatment of incremental learning, the 

reduction of epistemic uncertainty by considering newly acquired data69.  

In the beginning step of an incremental learning problem one possesses some more or less 

uncertain knowledge or belief or expectation about the subject. This is called the a priori (or 

shortly: prior) knowledge and is typically uncertain due to epistemic reasons. Prior knowledge 

can be characterized by a Bayesian probability distribution, that assigns a probability to each 

possible outcome or state of the subject. The probability must be proportional to the strength of 

belief. During the learning step the prior knowledge is updated by incorporating information 

from the evidence, that is the observed state or outcome of the subject. The knowledge after the 

update step is called a posteriori (or posterior) knowledge and can be also characterized by a 

Bayesian probability distribution. The update takes place following Bayes’ law of conditional 

probability: 

Pposterior(knowledge given evidence) = Pprior(knowledge) × L(evidence given knowledge) / 

P(evidence) 

where P indicates Bayesian probability, and L is the so called likelihood, that specifies the 

probability of getting a certain evidence given the specific knowledge. Since the absolute 

probability for the observed evidence is independent of the knowledge, it can be left out, 

leaving: 

Pposterior(knowledge given evidence) ~ Pprior(knowledge) × L(evidence given knowledge) 

where the ~ sign indicates proportionality. During the update, the following options can happen: 

• When the evidence was informative 

o and it was not conflicting the prior knowledge, the posterior distribution is 

narrower than the prior one, that is our knowledge gets more precise. In other 

words, the uncertainty of the prior knowledge reduces by learning, but the 

posterior does not refute the prior. 

o but it strongly conflicts the prior knowledge, the posterior distribution is 

dominated by the likelihood and will be placed away from the prior. This 

means that the prior gets refuted by the evidence. 

• When the evidence was not informative, the posterior distribution is equal to the prior that 

is our knowledge is the same after the update as before (a logical outcome when the 

evidence cannot provide any useful information). 
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Updates can be carried out once or sequentially. In the latter case, a former posterior serves as 

a prior before assimilating a new piece of evidence. The Bayesian updating mechanism can be 

used to build entire models (see section 5), or to calibrate models and to assess their uncertainty.  

Many environmental models suffer from being too complex compared to the information 

available from the modelled environmental system. This relative complexity causes problems 

in the model identification and calibration. Observed evidence about the real environmental 

system is not rich enough in terms of information content to unambiguously identify main 

processes and other system properties. Many competing mathematical constructs and model 

settings produce similar fit to the observation data, while obviously they can’t be all true at the 

same time, choosing between them is impossible based on the calibration performance alone. 

Usually this equifinality (term created by Prof. Keith Beven) is specific to the calibration 

conditions, the model alternatives start to behave differently when run under other boundary 

conditions or external influence factors. This finally causes divergent predictions, a form of 

epistemic uncertainty that originates solely in our model stucture and settings.  

Bayesian calibration can cure this issue to some degree. During classical calibration, the 

model’s settings are deduced from the observed behaviour of the true environmental system 

alone. As stated above, this is often not enough. Classical calibration does not provide any 

means to tackle this situation, except providing even more calibration data, which is usually not 

feasible to a sufficient degree. There is often more information available but from other – 

similar – systems. Sadly, environmental systems are unique enough (and envirnmental models 

are abstract enough) so that alien information cannot be directly combined with the data from 

the system in question, so classical calibration can’t help. When taking a Bayesian approach, 

this alien information can be used to formulate prior distributions on model parameters. 

Calibration takes place on the posterior probability instead of arbitrary measures of goodness 

of fit. According to the formula of conditional probability, the prior information reduces the 

degrees of freedom of calibration (and improves identifiability) by penalizing solutions that fall 

far from the prior expectations, unless there is very strong evidence for them. The posterior 

distribution of calibrated parameters will be a formal mathematical compromise between the 

prior expectations derived from similar systems or relevant knowledge and the evidence 

provided by calibration data.  

 

III.6. Main types of models 

 
A brief overview is provided on the common types of mathematical models. Mathematical 

models of the environmental systems are highly diverse due to the diversity of problems they 

are designed for. Models can be classified according to different aspects: 

• Involvement of randomness: Deterministic models are completely free from randomness, 

they yield exactly the same results when run under the same initial and boundary conditions. 

Deterministic models are usually applied to problems, which are considered to be behave in 

a generally predictive way. Stochastic models contain at least one random component, which 

means that they will produce (slightly) different results even when run under the same initial 

and boundary conditions. Consequently, a stochastic model needs to be run statistically 

sufficient times to yield an overview on the result. In exchange to the extra efforts required 

for this, the population of individual outcomes represent a statistical distribution and therefore 
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characterise the uncertainty of the result. Stochastic models are usually applied for systems 

that show a high level of inherent randomness or are influenced by inherently random external 

influence factors. 

• Presence of internal states: Static models specify the outcome directly from the boundary 

conditions, there is no internal state in the model and therefore the model does not have a 

memory. Same boundary conditions lead to the same outcome (in a statistical sense, if the 

model is stochastic). Static models rarely describe time-dependency. Dynamic models have 

internal states and therefore memory. The change of the internal state is described as a 

function of external influence factors. Due to the memory effect, the initial state of the system 

also has some importance. Dynamic models can be converted to static by expressing their 

steady state solutions, if such exists. 

• Representation of space: Zero dimensional (0D) models do not have any representation of 

space, they typically describe the behaviour of an aggregated entity, such as a population in 

an ecosystem or the mass of a certain pollutant in a well defined sub-space, such as a lake or 

the entire atmosphere. Other models feature an 1D, 2D, or 3D representation of space. 

Eulerian models apply a discretisation scheme to the relevant part of space. Tiles 

(discretisation elements) cover the entire spatial domain, transport is conceptualised as 

exchange processes between tiles. Lagrangian models do not discretise space, but the subject 

of calculations. Batches of pollutants/organisms/etc. travel in continuous space. 

• Continuity of time: Dynamic models involving time typically have to choose between two 

ways of representing it. Discrete models assume that time evolves in usually equidistant steps, 

changes are calculated from one step to the other, which means that the changes in external 

influence factors and model outputs are discrete in a similar manner. Continuous models do 

not make this assumption, they can calculate system state and response at any desired 

moment, usually at the price of increased mathematical complexity. Since most differential 

equations are solved numerically, even continuous time models are discretised at a certain 

point inside the solution algorithm.  

• Conceptual fidelity: Empirical models solely describe phenomena without attaching any 

conceptual meaning to mathematical constructs. Conceptual models attribute mathematical 

constructs to real processes, but process descriptions can be strongly simplified, often 

empirical. Mechanistic models try to apply mathematical constructs that are derivable from 

valid physical or chemical laws.  

• Transparency: A black box model is always empirical, with a generic inner structure that 

has no resemblance to the causal structure of the problem and therefore inspecting its inner 

working cannot extend our insight about the system. Transparent or white box models can 

be meaningfully inspected inside.   

 
Examples (Y: dependent variable, X: independent variable, C: concentration, v: flow velocity, 

t: time, x: space, other lowercase latin letters: parameter constants, lowercase greek letters: 

stochastic components) 

 

• A simple linear model in the form of Y = a X + b is a static, deterministic model. In most 

cases it can be regarded as empirical, yet it’s transparent because slope (a) and intercept (b) 

may have some meaning. 
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• A linear regression involving a random (error) component Y = a X + b + ε is a static, 

stochastic, empirical, and transparent model. 

• An unconstrained growth model dY/dt = k Y is a dynamic70, deterministic, conceptual, and 

transparent model. The model is formulated as an ordinary differential equation without 

dependence on external influence factors. Y is the state variable, thus the model’s response 

will depend on the initial conditions, e.g. the value of Y when calulations start. By adding the 

initial state (y0 at t0) to the parameters, the differential equation can be converted to a static 

model by solving: Y(t) = y0 exp(k (t – t0)). This model does not have a steady state. 

• A 1/2/3D transport model is a deterministic, Eulerian, dynamic, mechanistic model. In 1D, 

the model equation reads: ∂C/∂t = –∂v/∂x.  

• A 0D general reactor (or bucket) model dC/dt = qin/w (cin – C) + r C is a dynamic, 

deterministic, conceptual model. In the equation, qin is the inflow discharge, cin is the pollutant 

concentration in the inflow, w is the reactor volume, r is the net transformation rate. Space 

collapsed into a single point, therefore it is neither Eulerian nor Lagrangian.  

• Agent or individual-based models are all Lagrangian. Other properties depend on the internal 

mathematical formulation of the agent.  

• The Streeter-Phelps model of water quality describes the degradation of organic matter (OM) 

when emitted into rivers: dCOM/dt = –k1 COM.   This consumes up oxygen (O2) from the water, 

competing with replenishment from the atmosphere: dCO2/dt = –k1 COM + k2(csat – CO2), where 

csat is the saturation concentration of O2 in the water – here a parameter. This model is 

deterministic, dynamic, Eulerian when solved inside a transport equation, transparent, and 

conceptual. Conceptuality stems from the fact that while both important processes 

(degradation and reaeration) are present in the mathematical structure, both are described in 

a strongly simplified way. In reality, the degradation of organic matter depends on its 

composition, and is governed by the microbial fauna. Bacterial biomass grows by eating up 

the organic matter and oxygen depletes mostly due to the respiration of bacteria, not by the 

chemical hydrolysis of organic matter.  

• Traditional statistical ARMA models are stochastic, empirical, and discrete models. The 

simplest autoregressive model Yi = Yi-1 + k (m – Yi-1) + ε can be regarded as a discretised 

dynamic description of either a random walk (when k=0), or a mean-reverting random process 

that oscillates around m (when 1>k>0). The Ornstein-Uhlenbeck process is the continuous 

version of this autoregressive process (in a simplified, comparable notation): dY/dt = k (m – 

Y) + dW/dt, where W is the Wiener process describing a continuous random walk. 

• Neural networks are deterministic, black-box models. Neural networks can be used to 

formulate static models, when all input nodes are fed by external influence factors, but also 

discrete, dynamic models when certain inputs are the outputs from the preceding round.  

 

The boundary between deterministic and stochastic models is actually rather virtual in the 

environmental practice. The omnipresence of uncertainty means that all models contain errors. 

The statistical methods used for model calibration actually complement deterministic models 

with stochastic error terms to allow for these random deviations. Without the stochastic terms 

                                                 
70 In terms of time. 
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one would assume that the model and observations were all perfect and therefore imperfect fit 

to the calibration data would mean that the model was totally unlikely and therefore unusable. 

 

Frequently there are alternative model formulations for the very same problem, without one 

solution emerging as undoubtably best. In such cases it is advisable to use an ensemble of models 

instead of a specific model. The population of individual model predictions altogether represents 

the existing structural uncertainty in form of a prediction domain inhabited by the model 

trajectories. 

 

No further details will be given on various mathematical models, because modeling is a whole 

discipline with thousands of literature items and is difficult to illustrate without delving deep into 

mathematics. In contrast, a specific model type will be introduced in detail: Bayesian probability 

networks are hardly models (or very simple and empirical ones), but they allow an easy 

integrated approach and they readily incorporate uncertainty. Bayesian networks combine very 

well with decision analytic methods, such as MAVT/MAUT introduced later. 
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CHAPTER IV 

 

BAYESIAN NETWORKS 

 
Integrated Water Resource Management (GWP 2000) requires an integrative approach, where 

many different aspects are considered simultaneously during the evaluation of management 

alternatives. Such constructs are difficult to realise in the sense of traditional modelling, as 

multi-sectoral models easily become extremely complex, impossible to validate and difficult to 

manage. Therefore, simplified approaches – such as Bayesian networks – are preferable 

alternatives for integrated projects.  

 

A Bayesian Network (BN) is a simple, stochastic model that represents the elements and 

connections of the real system as a probabilistic causal network. A Bayesian Network consists 

of the following elements:  

• system variables (nodes) 

• causal relationships between nodes (directed links) 

• probability tables.  

 

Variables can be of any type (physical, environmental, social, etc.) and can have a value of any 

kind. The BN is a discrete-state model, variable values are translated into predefined states. The 

values of whatever type need to be translated into discrete categories. This is straightforward 

for qualitative, non-number value types (classified data), which are already categories (like: 

vegetation types, climatic zones, etc.). Numbers have to be translated using preset state limits. 

So when a variable is for example the air temperature, and the preset states and limits are 

‘freezing’ (<0˚C), ‘cold’ (0–10˚C), ‘mild’ (10–20˚C), ’warm’ (20–30˚C), and ‘hot’ (>30˚C), a 

value of 23.4˚C would refer to a state of ‘warm’.  Limits do not have to have equal distances 

between them, it is possible to come up with logarithmic or any arbitrary scaling when the 

subject value or its public/economic perception requires. 

 

Causal relationships and probability tables together represent the ‘model’ inside the BM. They 

determine the impact of changing certain variables to the others. Causal relationships describe 

the topology of the causality network, that is which variables can exert influence on others. 

These are usually depicted using directed graphs, where an arrow points from the cause to the 

consequence.  

 

Probability tables specify the stochastic relations between states of different variables. These 

take the form of conditional probabilities, for example, the probability of variable V1 being in 

state x is y% given that variable V2 is in state z. The shorthand notation for such a statement is 

p(V1=x | V2=z) = y%, where the vertical separator ( |, not to be mistaken with a small L or a 

capital i) expresses conditionality. Probability values inside the tables must reflect expert 

knowledge or educated guesses to ensure that the model works in a rational way. 

 

Certain variables are assigned by the user, these are called as input nodes. These do not rely on 

other variables and therefore have an unconditional probability. Other nodes have conditional 

probabilities are calculated by taking the product along the causal network. The procedure is 

illustrated on a didactical example.  
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The example network71 describes a catchment management problem, where the change of forest 

cover influences two social aspects, the angling potential of the stream network and the income 

of the local farmers through a chain of natural links. The causal network is the following: 

• Rainfall and forest cover together influence river flow. 

• Forest cover is (inversely) related to the area of farmland due to their mutual exclusiveness. 

• Angling potential is determined by the fish population, which in turn is determined by river 

flow. 

• Farmer income depends on agricultural production, which is related to the available farmland. 

• Reservoir storage depends on river flow. 

 

These relations are illustrated on Figure 6. This example nicely demonstrates that variables can 

be of any type: economic, physical and social factors are all included, indicated by brown, green 

and blue nodes respectively (Figure 6). 

 

 
Figure 6. The Bayesian network of Bromley72 

 
Running the BN allows the user to evaluate the pros and cons of changing the forest cover by 

a certain degree. Deforestation may increase farmer income (economic advantage), but it has 

an adverse affect on reservoir storage and angling potential (environmental and social 

drawbacks). On the other hand, afforestation leads to better angling and reservoir conditions, 

but at the expense of some farmer income. The network can be used to evaluate and weigh the 

advantages and disadvantages of each action, which helps to obtain a fair and balanced 

decision73. 

 

                                                 
71 Bromley, J. 2005. Guidelines for the use of Bayesian networks as a participatory tool for Water Resource 

Management. url: https://core.ac.uk/download/pdf/62847.pdf (accessed at: 20.06.2018). 

72 Bromley (2005) 
73 Bromley (2005) 
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The conditional probability tables encapsulate knowledge about the causal relationships. 

Columns correspond to the cause, rows to the consequence, cells indicate the specific 

conditional probability. Since the system is fully defined, that is there are no states with 

undefined causal relationships, the sum of conditional probabilities in each column must be 1. 

The conditional probabilities of the dependent nodes and the unconditional probabilities of the 

input nodes are called prior probabilities, because they are set before observing a certain 

outcome from the system. 
 

 

  
River flow 

good medium low 

Reservoir storage 

plenty 0.9 0.6 0.0 

sufficient 0.1 0.3 0.1 

scarce 0.0 0.1 0.9 

 
 

In the above example table, the probability that a ‘medium’ state of River flow leads to a 

‘plenty’ Reservoir storage is p(RS=plenty | RF=medium) = 60%.  The table describes a 

positively correlated relationship, the better the river flow, the more sufficient the reservoir 

storage. Other types are typical as well, most notably the negative correlations (the more–the 

worse) or when the optimum is in between the extremes (medium is best, high and low values 

are worse).  When a variable depends on on multiple cause variables, the probability tables 

become multi-dimensional, as a probability needs to be assigned to all possible combinations. 

 

The BN allows two types of calculation. In the analysis of management alternatives input nodes 

are set to the desired state and the posterior probability of a certain outcome is calculated. The 

second option is backward calculation, when the posterior probability of a certain input 

combination is inferred from an observed output. Calculations will be demonstrated on an even 

simpler BN from Charniak74 as shown in Reichert75. 

 

Consider the following BN describing the mental model of a person returning home (in the 

darkness). The variables describe the presence of the family and the dog. The variables can be 

either true or false (thus, all variables have only two possible states), they are: 

 

• Family out (fo) – meaning that the family is not home 

• Light on (lo) – meaning that the outside light is switched on 

• Bowel problems of the dog (bp) – indicating if the dog is likely to be shut out of the house 

• Dog out (do) – indicating whether the dog is out in the garden 

• Hear bark (hb) – indicating if the returning person hears the dog barking 

                                                 
74  Charniak, E. 1991. Bayesian networks without tears: making Bayesian networks more accessible to the 

probabilistically unsophisticated. AI Magazine 12(4), pages 50-63 

75 Reichert (2012). 
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The causal relationships are shown in Figure 7. 

 

 
Figure 7. Causal relationships in the mental model of a person returning home76. 

 

Prior input probabilities that are not conditional on anything are the following: p(fo) = 0.15, 

p(bp) = 0.01. Conditional probabilities are specified in the following tables (with the ¬ symbol 

standing for negation): 

 

 fo ¬fo 

lo 0.60 0.05 

¬lo 0.40 0.95 

 

 

 

 do ¬do 

hb 0.70 0.01 

¬hb 0.30 0.99 

 

 

 

 fo, bp fo, ¬bp ¬fo, bp ¬fo, ¬bp 

do 0.99 0.9 0.97 0.30 

¬do 0.01 0.1 0.03 0.70 

 

                                                 
76 Charniak (1991). 
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where the row name for a specific cell contains the event, the column name the condition, and 

the cell itself the conditional probability.  As an example, in the third table we see in the first 

row and the third column that p(do | ¬fo,bp) = 0.97. Note that due to the restriction that each 

column must sum up to 1 and the binary nature of the variables, it would have been enough to 

specify the first row of the above tables. 

 

The prior probabilities tell us that the family is usually careful enough to switch off the light 

when leaving home, the dog is rarely having bowel problems, the dog is mostly forced into the 

garden when it does have problems, and the dog often barks when outside.  The lack of links 

between fo and bp tells that these variables are independent of each other. 

 

The joint distribution of the whole system 

 

P(fo, bp, lo, do, hb) = P(hb|do) P(lo|fo) P(do|fo,bp) P(bp) P(fo) 

 

Unconditional probability of lo, do, and hb (e.g. ‘What is the probability of the light being on?’): 

 

P(lo) =  P(lo|fo) P(fo) +  

  P(lo|¬fo)(1-P(fo))  

  = 0.13 

 

P(do) =  P(do|fo,bp) P(fo) P(bp) + 

  P(do|fo,¬bp) P(fo) (1-P(bp)) + 

  P(do|¬fo,bp) (1-P(fo)) P(bp) +  

  P(do|¬fo,¬bp) (1-P(fo)) (1-P(bp))  

  =0.40 

 

P(hb) =  P(hb|do) P(do) + 

  P(hb|¬do) (1-P(do)) 

  =0.29 

 

Note that the binary nature of the variable states was used in the above equations in the form of 

P(¬fo) = (1-P(fo)).  The unconditional probabilities tell us that the light is mostly off, the dog 

is more often inside than outside, but barking is frequent in the latter case.  

 

The BN can be used to ask arbitrary questions about all nodes, like ‘What is the probability of 

the family being out given that at the moment the light is on, but no barking can be heard?’, or 

in other words: P(fo|lo, ¬hb) = ?. The probability P(fo|lo, ¬hb) represents a certain condition, 

as opposed to P(fo), which describes a probability unconditional on any other aspects.  

 
This can be answered by expressing conditional probability from the joint probability of the 

desired state and the condition itself. For any conditional probability the following applies: 

 
P(A|B) = P(A,B) / P(B) 
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Applied to the specific question: 

 

P(fo | lo, ¬hb) = P(fo, lo, ¬hb) / P(lo, ¬hb)  

 

where  

 

P(fo, lo, ¬hb) =  P(fo,bp,lo,do,¬hb) +  

   P(fo,¬bp,lo,do,¬hb) +  

   P(fo,bp,lo,¬do,¬hb) +  

   P(fo,¬bp,lo,¬do,¬hb) 

   = 0.0003 + 0.0240 + 0.0000 + 0.0088 = 0.0331 

 

P(lo, ¬hb) =  P(fo, lo, ¬hb) + P(¬fo, lo, ¬hb) = 

  P(fo, lo, ¬hb) + 

  P(¬fo,bp,lo,do,¬hb) + 

  P(¬fo,¬bp,lo,do,¬hb) + 

  P(¬fo,bp,lo,¬do,¬hub) +  

  P(¬fo,¬bp,lo,¬do,¬hb) 

  = 0.0331 + 0.0001 + 0.0038 + 0.0000 + 0.0292 = 0.0662 

 

Note that both terms come from a sum of unconditional probabilities of the entire system that 

satisfy the given states. In  P(fo, lo, ¬hb) we do not impose any restrictions on bp and do, 

therefore both possible states (true/false) should be included for both variables.  In P(lo, ¬hb) 

we don’t restrict fo, bp and do, but we can take advantage from already expressing P(fo, lo, 

¬hb), so we just need to add P(¬fo, lo, ¬hb) to it. 

 

Finally: P(fo | lo, ¬hb) = 0.0331 / 0.0662 = 0.5. 

 

This estimate is the posterior probability that accounts for the both the conditional relations and 

the evident facts that light was on and there was no barking. Compare this to the unconditional 

(so called prior) probability of P(fo) = 0.15. The increase from the prior probability (15%) to 

the posterior (50%) is the contribution of the evidence (light on + no barking). 

 
Coming back to the forestation example of Bromley77, the BN can be used to calculate the state 

distributions of output nodes given the inputs, which corresponds to the evaluation of 

management alternatives (e.g. ‘How do the angling potential and farmer income change when 

we change the forest area to a different category?’). Alternatively, conditional probabilities can 

be used to find states of the inputs corresponding to a desired state of outputs (e.g. ‘Which forest 

cover category comes with good angling potential and enough farmer income?’). Such 

calculations are not detailed here, because they become quite complicated as the number of 

variables and the number of possible states grow in the BN (see Figure 8 for another practical 

example). Nevertheless, rules are simple, so the process can be easily implemented on 

computers.   

                                                 
77 Bromley (2005). 
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Figure 8. Probability network of a brown trout model for the management planning of a Swiss 

river from Borsuk78. 

 
IV.1. Why use BNs in decision support? 

 
BNs are ideal participatory tools for supporting environmental decision-making, because they  

• visualize causal relationships in an easy to understand way, which facilitates inclusion, 

• can accommodate any kind of data, including weakly quantitative information, such as certain 

social factors, 

• can handle many aspects, which allows an integrated approach on nearly any kind of 

environmental problem79. 

 
  

                                                 
78  Borsuk, M. E., Schweizer, S. and Reichert, P., 2012. A Bayesian network model for integrative river 

rehabilitation planning and management. Integrated Environmental Assessment and Management, 8: pages 462-

472. doi:10.1002/ieam.233 
79 Bromley (2005). 
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CHAPTER V 

 

DECISION ANALYTICS 

 
Effective environmental support requires the application of a suitable decision analysis method, 

that is a calculation algorithm that ranks the alternatives based on preferences of the 

stakeholders. Yet, the method alone does not solve the problem. As Reichert80 summarizes: 

 
“Important elements contributing to the success of environmental decision support are: 

transparency of the procedure, a good representation of stakeholders, the willingness of 

stakeholders to participate constructively and make their objectives explicit, guidance by a 

good facilitator, and a good conceptual basis of the underlying methodology (Howard, 1988; 

Belton and Stewart, 2001; Hajkowicz, 2008; Eisenführ et al., 2010). This multiplicity of 

elements explains, why decision support in environmental management can be successful for 

different underlying approaches (Hajkowicz, 2008). An excellent facilitator, for instance, may 

compensate for a poorer conceptual basis, or uncooperative stakeholders may hinder the 

success even if a conceptually sound procedure is used.” 

 

In the following, the MAVT/MAUT approach is presented. However, according to the above 

statement, other approaches may suffice as well. 

 

V.1. MCDA and the MAVT/MAUT approach to it 

 
Many decisions need to consider multiple aspects. In fact, most decisions that (would) benefit 

from decision support require navigating between various tradeoffs, as otherwise the decision 

context would be structured and the solution would be obvious. Multiple factors mean multiple 

objectives. When multiple objectives do not unambiguously translate to a single indicator (such 

as money is a universal indicator in a classical cost-benefit analysis), the decision problem 

keeps its multiple dimensions, which impedes finding a single optimum.  

 

Explicitly stating tradeoffs expresses the conflicts between different objectives. A notable two 

dimensional tradeoff is the problem of cost-efficiency. People value different goods and 

services if their price is in balance with the benefits provided by the goods or services, which 

can be hardly translated to a money value. Nevertheless, translation takes place in the mind of 

consumer, which  – based on personal preferences, available funds, mood, etc. – asserts certain 

goods or services being of a good value or being overpriced. Thus, responsiveness of a 

cellphone operating system or acceleration capabilities of a car have different utility or value 

for different people and consequently are worth a different amount (that is: the optimal balance 

between cost and benefit lies elsewhere).  

 

                                                 
80  Reichert, P., Simone D. Langhans, Judit Lienert, Nele Schuwirth, 2015. The conceptual foundation of 

environmental decision support, Journal of Environmental Management, 154: pages 316-332. doi: 

10.1016/j.jenvman.2015.01.053. 
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Environmental problems – except the simplest cases – typically cover a wide spectrum of 

actors, environmental parameters and interests and therefore enclose multi-dimensional 

tradeoffs.  Such problems are the subject of Multi-Criteria Decision Analysis, or MCDA81.  

 

Simplest approach to resolve a multi-dimensional problem can follow two alternative ways.  

• Different evaluation scores are often aggregated into a single one. Weighing is usually applied 

to the evaluation scores until they are merged into a single score that represents all 

dimensions. Such solutions often show up in tenders evaluation rules, where for example a 

certain weight is attributed to costs and other to technical quality (which are not directly 

comparable). If cost score was Scost = 52% and cost weight was Wcost = 40%, technical score 

was Stech = 93% and technical weight was Wtech = 60% (a technically excellent but a little 

costly offer), the overall score would be: S = Scost Wcost + Stech Wtech = 0.52×0.40+0.93×0.6 = 

77%. The overall score is finally used to rank the alternatives (proposals submitted to the 

tender). Despite its extreme simplicity, this can be considered as a MCDA method. 

• Finding aggregation weights is a difficult problem and it is not guaranteed at all that a simple 

linear aggregation would properly reflect the intentions of the evaluator. Sometimes the best 

solution is to avoid full aggregation. Selected dimensions of the problem are kept separate 

and investigated in their full complexity. For two dimensions (cost and technical quality, 

again) alternatives can be plotted in a simple Cartesian coordinate system, where the two axes 

indicate scores in the corresponding dimensions. In the presence of tradeoffs, there is typically 

no solution that is optimal in all dimensions. Alternatives form a point cloud that has a sharp 

border on the side facing the point of perfectness. This border is called the Pareto front and 

indicates optimality with regard to resource allocation into the corresponding dimensions. 

When an alternative is on the front, it is Pareto-optimal and in our specific case it is cost-

efficient. When the decision-maker is not willing to decide on weights and constraints of cost 

and technical quality, the tender should be awarded to proposals being the most cost-efficient, 

i.e. being closest to the Pareto front. 

 

In the Multi-Attribute Value Theory (MAVT) approach of MCDA, aggregation is carried out. 

Stakeholders are asked to assign numerical scores on the 0–1 satisfaction scale to reflect the 

relative importance of each appraisal criterion82. Opposed to simple ranking procedures, scores 

of MAVT reflect how much the stakeholders care about the differences in performance of 

alternatives under each criterion (e.g. two alternatives with negligible difference between their 

scores are practically of the same value, while in simple ranking the slightly higher score would 

be clearly preferred). 

 

The Multi-Attribute Utility theory (MAUT) differs from MAVT in the subject of scoring. 

Stakeholder scores do not only judge the outcome, but also reflect their risk-attitudes. 

                                                 
81 MCDA is a sub-discipline of operations research that explicitly evaluates multiple conflicting criteria in decision 

making (Wikipedia, https://en.wikipedia.org/wiki/Multiple-criteria_decision_analysis). 
82 Saarikoski, H.; Barton, D.N.; Mustajoki, J.; Keune. H.; Gomez-Baggethun, E. and J. Langemeyer, 2016. Multi-

criteria decision analysis (MCDA) in ecosystem service valuation. In: Potschin, M. and K. Jax (eds): OpenNESS 

Ecosystem Services Reference Book. EC FP7 Grant Agreement no. 308428. Available via: www.openness-

project.eu/library/reference-book. 
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Decreasing marginal utility implies risk-averse attitude, constant marginal utility (linear utility) 

implies risk neutrality, while increasing marginal utility reflects risk-seeking83.  

 

In principle, utility and not value functions should be the basis for rational decision support 

under risk. However, the use of value functions instead provides advantages84. Eliciting values 

and transforming them to utilities only at high hierarchical levels85 has several advantages 

compared to eliciting utilities directly throughout the objectives hierarchy86:  

• Elicitation of a hierarchical, multi-attribute value function is easier than that of a utility 

function; 

• Using values avoids confounding the strength of preference for certain outcomes with risk 

attitudes87; 

• The probability distribution of values can already give relevant insights into the decision 

problem under risk, even when utilities are finally required to rank the alternatives;  

• If a sensitivity analysis shows that the ranking of alternatives is stable, one does not even 

has to elicit utilities.  

 
V.2. Steps of a MAVT/MAUT analysis 

 
The process algorithm is illustrated on Figure 1.88 

 

1. The process starts with a clear definition of the problem. Based on the problem statement 

and the identification of the corresponding environmental system, stakeholders should be 

identified89.  

2. Afterwards, the explicit formulation and structuring of the objectives follows, which 

involves a consensus among the stakeholders (on the list of objectives, not on the ways 

towards achieving them). Since the decision analytics runs on a mathematical basis, this 

includes the identification of observable and quantifiable system properties (attributes) that 

can be used to numerically evaluate the degree of objective fulfillment. The structure of 

objectives is described by a tree-like graph. Leaves of the tree are the system attributes, 

branches are intermediary objectives, the trunk is the overall objective. 

                                                 
83 Varis, O. 1992. Decision analytic modeling of uncertainty and subjectivity in water quality management. IIASA 

Working Paper WP-92-054. International Insititute for Applied Systems Analysis, Laxenburg, Austria. 

84 Reichert et al. (2015) 
85 Dyer, J. S., Sarin, R. K., 1982. Relative risk aversion. Management Science 28 (8), pages 875–886. doi: 

10.1287/mnsc.28.8.875 
86 Reichert et al. (2015) 
87 Dyer and Sarin (1982) 
88 Reichert et al. (2015) 
89 Grimble, R., Wellard, K., 1997. Stakeholder methodologies in natural resources management: a review of 

principles, contexts, experiences and opportunities. Agric. Syst. 55 (2), pages 173-193.; Lienert, J., Schnetzer, F., 

Ingold, K., 2013. Stakeholder analysis combined with social network analysis provides fine-grained insights into 

water infrastructure planning processes. J. Environ. Manag. 125, pages 134-148. 
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3. Next, preferences regarding the objectives and system properties need to be elicited 

quantitatively in the form of a value functions. Value functions represent the satisfaction 

score (0 – 100%) of a certain stakeholder as the function of the value of certain attribute(s) 

(Figure 9). Value functions should be unambiguous in the attribute → value direction, so 

there must be a single value score for a given attribute quantity. In the other direction there 

is no such requirement, giving a quite big degree of freedom to value functions. Basic 

shapes are declining (the larger the attribute, the smaller the value), rising (the larger the 

attribute, the larger the value), A-shaped or peaking (value reaches optimality at a certain 

attribute quantity, value declines away from there), or even U or V-shaped (value reaches 

its minimum for a certain attribute amount, it is better away from there). 

 

 
Figure 9. An example value function that maps a certain quantitative system attribute to 

value (satisfaction) score according to the preferences of the given stakeholder. Color 

coding shows the degree of satisfaction on both axes. Nonlinear value functions, such as 

this one, distort the linearity of value axis when projecting to the attribute axis. 

 
Representing preferences through value functions requires a demanding elicitation 

procedure either by interviews, group discussions, or surveys90. The complexity of this 

tasks depends on the size of the objective hierarchy and the number of system attributes. 

The branches and the trunk of the objective hierarchy are value functions that require 

aggregating values of different system attributes or sub-objectives. Aggregation happens 

through mathematical functions (Figure 10). Additive functions (v = w1 v1 + w2 v2, in 2 

dimensions, v stands for value, w for weights) represent linear tradeoffs, geometric 

functions (v = v1
w1 v2

w2) nonlinear tradeoffs. Minimal aggregation (v = min(v1, v2)) 

represents a critical approach where the worst value determines the overall value. The 

choice for the aggregating method and its parameterisation should reflect the preferences 

of the stakeholder. It must be emphasized that costs including implementation and 

maintenance costs can naturally be part of the objective hierarchy and corresponding value 

functions should reflect the stakeholder’s willingness to pay for the general objective. 

 

                                                 
90 Reichert et al. (2015). 
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Figure 10. Illustration of aggregation methods for 2 attributes91. 

 

 
4. Value functions should ideally be confronted with existing system state (in form of 

attributes involved in the objective hierarchy) to check the present degree of fulfillment of 

the objectives. This helps to identify all existing deficits and to formulate management 

alternatives that address all current issues inside the decision context and thereby improve 

the fulfillment of objectives. 

5. The consequences of management alternatives need to be determined, most often by 

modeling. For certain alternatives, it may be an entirely scientific or engineering question, 

which can be addressed within envirnmental modelling, but for others, it may involve social 

aspects as well. 

6. The consequences as reflected by system attributes are evaluated using the value functions 

of each stakeholder and propagated through the entire objective hierarchy. At the root level, 

a single score is assigned to each alternative and stakeholder combination. When 

uncertainty spoils the consequences (=always in environmental cases), evaluation should 

be carried out for each element in a set of outcomes properly representing the associated 

uncertainty. At the root element this will distill into a final score interval for a given 

stakeholder.  

7. Finally, a single alternative has to be selected by the decision-maker based on the score 

distributions over the different stakeholders. Risk attitude should affect the choice. 

Expected value may be a good choice for risk-insensitive stakeholders (who only care about 

the most likely consequence, or simply do not want to acknowledge the presence of 

uncertainty), while low score quantiles or lower score extremes may apply to risk-averse 

cases (who try to avoid ’catastrophic’ extremely low value outcomes).  Surprisingly, there 

exist examples for risk-seeking (or ’gambling’) attitudes in environmental practice: 

occasional fishing activity may prefer large catch (utility) with a low probability over a 

reliable smaller catch as these people may do other activities when conditions are not 

promising92.  

                                                 
91 Reichert et al. (2015). 

92 Varis (1992). 
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Evaluations of the different management alternatives can reveal possibilities to reach a closer 

to optimal solution in form of newly composed compromise alternatives. These either maximise 

preference over the stakeholders or minimise rejection. When the construction of management 

alternatives is possible via mathematical algorithms, a properly set up model and the objective 

hierarchy allow finding these optima computationally. An example for such a case will be 

provided in the case study. 

 

V.3. Why MAVT/MAUT? 

 

The following arguments favor the use of value and utility functions for the representation of 

societal preferences93:  

 

1. “MAVT/MAUT is based on a small number of axioms that define rational choice. Although 

individuals often violate these axioms in their personal decisions, these axioms make sense 

to support decisions which have to be justified transparently and with rational arguments 

to the public. 

2. Value functions are very flexible regarding the representation of preferences. In contrast 

to other decision support methodologies, there are hardly any formal constraints to 

quantifying preferences.  

3. The representation of preferences under uncertainty by utilities makes it possible to 

consider risk attitudes of decision makers or stakeholders in a consistent framework that 

fits to the probabilistic description of scientific knowledge. Formulating utilities as 

functions of values facilitates elicitation and makes it possible to test the sensitivity of the 

results to risk attitudes. If the resulting rankings are insensitive to a reasonable range of 

risk attitudes, utilities are not needed.  

4. The elicitation of value and utility functions is (largely) independent of the outcomes of 

specific alternatives. This makes it possible to evaluate new alternatives without re-eliciting 

preferences, except if it is necessary to extend the attribute ranges.  

5. The framework of MAVT/MAUT avoids artefacts such as rank reversals when adding or 

removing alternatives or the use of ad-hoc procedures for evaluating results.” 

 

 

V.4. Alternatives to the MAVT/MAUT approach 

 

There are alternative approaches for rational decision support than MAVT/MAUT94 . The 

differences between the approaches partly originate in the social choice foundations of the 

decision analytic system. The two main options of social choice theory are the Borda count and 

the Condorcet method 95 . The Borda count approach assigns an absolute score to each 

alternative, where the score reflects the sum of rankings given to the specific alternative by each 

voter. The given ranks can be considered as ’distances’ between the alternatives, they can be 

freely combined (if alternative A is superior over alternative B by the score difference of x, and 

                                                 
93 Reichert et al. (2015). 
94  Belton, V., Stewart, T. J., 2001. Multiple Criteria Decision Analysis – an Integrated Approach. Kluwer 

Academic Publishers, Boston/Dordrecht/London. 
95 Terrientes (2015). 
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B is superior to C by y, then A is superior over C by a score difference of x+y). When a sub-

optimal option falls out, the ranking of the remaining alternatives is guaranteed to be stable. 

In contrast, the Condorcet method builds on pairwise comparison and aggregating the pairwise 

preferences into a score. Pairwise comparison means that stakeholders have to specify the 

preferred alternative for each pair from a set of all possible alternative pairs. The procedure 

closely resembles the scoring methods of certain sport tournaments where exactly two 

candidates take part in every match and each participant plays with all others. The winner will 

be the one who won most matches, runner ups are first ranked according to the number of their 

wins and secondly based on the results against the alternatives having the same number of wins. 

Outranking techniques, such as ELECTRE96 and PROMETHEE97, and the Analytic Hierarchy 

Process 98  are frequently applied in environmental management 99 . These methods use the 

Condorcet approach and build a pairwise preference relation for all combinations inside the 

potential set of alternatives100. In complicated cases the creation of the final list based on 

pairwise comparison can be seriously influenced when certain sub-optimal alternatives are 

excluded101. In contrast, MAVT/MAUT relies on the Borda count method and assigns a global 

numerical score to each alternative, that does not depend on the other alternatives, and therefore 

does not change when the set of alternatives changes102. 

The reason why the quite different methods of MAVT/MAUT and outranking can peacefully 

live besides each other is that in most cases they result in the same outcome, at least for the 

optimal choice. However, despite their popularity, outranking techniques use arbitrary, non-

elicited aggregation schemes, and they cannot easily incorporate uncertainty and risk attitudes, 

which suggests that MAVT/MAUT is theoretically superior. 

                                                 
96 Roy, B., 1991. The outranking approach and the foundations of the ELECTRE methods. Theory Decis. 31 (1), 

49-73.; Figueira, R., Greco, S., Roy, B., Slowinski, R., 2013. An overview of ELECTRE methods and their recent 

extensions. Journal of Multi-Criteria Decision Analysis 20 (1-2), pages 61-85. 
97 Brans, J.P., Vincke, J.P., Mareschal, B., 1986. How to select and how to rank projects - the PROMETHEE 

method. Eur. J. Oper. Res. 24 (2), 228-238.; Klauer, B., Drechsler, M., Messner, F., 2006. Multicriteria analysis 

under uncertainty with IANUS - method and empirical results. Environ. Plan. C Gov. Policy 24, pages 235-256.; 

Behzadian, M., Kazemzadeh, R.B., Albadvi, A., Aghdasi, M., 2010. PROMETHEE: a comprehensive literature 

review on methodologies and applications. Eur. J. Oper. Res. 200, pages 198-215. 
98 Saaty, T.L., 1977. Scaling method for priorities in hierarchical structures. J. Math. Psychol. 15 (3), 234-281.; 

Saaty, T.L., 1994. How to make a decision - the Analytic Hierarchy Process. Eur. J. Oper. Res. 48 (1), pages 9-

26. 
99 Huang, I.B., Keisler, J., Linkov, I. 2011. Multi-criteria decision analysis in  environmental sciences: ten years of 

applications and trends. Science of the Total Environment, 409: 3578-3594. Doi: 10.1016/j.scitotenv.2011.06.022  

100 Figueira et al. (2013) 
101  Wang, X., Triantaphyllou, E., 2008. Ranking irregularities when evaluating alternatives by using some 

ELECTRE methods. Omega 36, pages 45-63.; Mareschal, B., De Smet, Y., Nemery, P., 2008. Rank reversal in 

the PROMETHEE II method: some new results. In: International Conference on Industrial Engineering and 

Engineering Management, vols. 1e3. IEEE,  pages 959-963.; Dyer, J.S., 1990. Remarks on the analytic hierarchy 

process. Management Science 36 (3), pages 249-258. 
102 Terrientes (2015). 
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Cost-benefit analysis (CBA) is another often applied decision analytic methodology103. In 

environmental cost-benefit analysis, discrete choice experiments are often used to assess the 
stakeholders’ willingness to pay for ecosystem services104. To keep such experiments feasible, 

scope has to be limited to high levels of the objectives hierarchy. This makes CBA suitable for 

analyses at the societal level, but does not allow to consider details of the underlying 

mechanisms105.  

In many practical applications of CBA the prices of ecosystem services are fixed, omitting fine-

tuning the analysis to the preferences of the actual stakeholders. 

 
  

                                                 
103 Hanley, N., Spash, C., 1993. Cost-benefit Analysis and the Environment. Edward Elgar, Cheltenham.; Brouwer, 

R., Pearce, D. (Eds.), 2005. Cost-benefit Analysis and Water Resources Management. Edward Elgar Publishing, 

Cheltenham, UK.; Pearce, D., Atkinson, G., Mourato, S., 2006. Cost-benefit Analysis and the Environment: Recent 

Developments. OECD, Paris. 
104 Reichert et al. (2015). 
105 Reichert et al. (2015). 
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CHAPTER VI 

 

CASE STUDY: WATER LEVEL REGULATION OF LAKE BALATON (HUNGARY) 

 
VI.1. Background 

 
Balaton is the largest shallow lake in Central Europe (596 km2, 3.2 m average depth) and the 

most important recreational area in Hungary. Since the early 1950s, signs of man- made 

eutrophication have been observed. In 1983 a comprehensive phosphorus reduction program 

was accepted to control the lake that was hypertrophic in those days106. Since then, total P load 

has been reduced by about 50% and trophic state of the lake has significantly improved. Lake 

water quality has rapidly recovered after the reduction of the external load. Water quality is 

nowadays similar to that in the early 1970s (mesotrophic to meso-eutrophic according to the 

OECD classification, depending on lake zone). Since 1994, even the most polluted Keszthely-

basin was meso-eutrophic according to the OECD classification. Besides changes in 

phytoplankton biomass, a rearrangement of the previously characteristic phytoplankton 

community could be observed107. This fast response of the ecosystem was quite unexpected. 

The likely reason is the surprisingly large reduction of the internal load due to the high CaCO3 

content of the sediment108. The fast recovery suggests that the lake is extremely sensitive to 

changes in nutrient loads, which must be considered during future actions.  

 

The lake has a single outflow equipped with a sluice to control water level. It was constructed 

in the second half of the 19th century when water level decreased by about 3 metres and surface 

of the lake was reduced remarkably. On the basis of data from the past hundred years, average 

natural net water balance of the lake is positive: evaporation equals runoff while outflow equals 

precipitation (about +600 mm/yr). In spite of this, water level fluctuations have been significant 

due to natural climatic variability109.  

 

In 2000, a period of extreme drought started. In this and the following three years 

water level dropped by about 70 centimetres resulting in the lowest water level of the past 50 

years. The lake lost about 20% of its total volume, as its annual natural water balance was 

continuously staying in the negative domain for the first time ever since 1921 (the start of 

hydrological records). The change was particularly striking in the shallow southern shoreline 

zone since water retracted from the stony shore protection works and revealed large muddy 

areas. Examination of the water balance showed that the loss was due to the extremely low 

rainfall on the watershed. Due to this, water supply (direct precipitation and inflow) to the lake 

decreased below the rate of evaporation. Consequently, the water level dropped even though 

                                                 
106 Somlyódy, L. and van Straten, G. (eds), 1986. Modeling and Managing Shallow Lake Eutrophication. With 

application to Lake Balaton. Springer, Berlin. 
107 Padisák, J. and Reynolds, C., 1998. Selection of phytoplankton associations in Lake Balaton, Hungary, in 

response eutrophication and restoration measures, with special reference to cyanoprokaryotes. Hydrobiologia, 384, 

pages 41–53. doi:10.1023/A:1003255529403 
108 Istvánovics, V. and Somlyódy, L., 2001. Factors influencing lake recovery from eutrophication - the case of 

Basin 1 of Lake Balaton. Water Research, 35, pages 729–735. doi:10.1016/S0043-1354(00)00316-X 
109  Bendefy, L. and V. Nagy, I., 1969. Changes of the shoreline of Lake Balaton during the centuries (in 

Hungarian), Műszaki Könyvkiadó, Budapest, Hungary. 
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the sluice was closed. Public concern grew and the idea of water transfer from other watersheds 

has emerged. Various alternatives have been analyzed primarily from technical and economic 

viewpoints110. Following the precautionary principle, a scientific advisory committee did not 

support constructing any kind of external water transfer facility due to high risks associated to 

it111. Main arguments were the unpredictable effects on the ecosystem of the lake and its main 

tributary, and a questionable sustainability: the supplier river usually has low stage in the very 

same periods when the lake has a shortage of water. Before a final decision could be made, lake 

level quickly recovered in 2004. Since then, negative natural water balance occurred in 2008, 

and 2012. Although the 2012 annual water deficit was the highest ever, the lack of multi-year 

droughts prevented an apparent drop of water level – therefore the public was calm. 

 

At present, neither the successfully combatted eutrophication, nor the low level issue cause 

significant concerns. However, both threats are still in the air due to the icreasing tourism and 

agricultural production that threatens with the returning decline in trophic state, and to climate 

change that is likely to cause even more serious droughts.  

 

The intricate network of interactions between factors of catchment usage, hydrology, water 

quality, ecological status, and water usage can be demonstrated with a directed graph that can 

potentially serve as a skeleton for a Bayesian Network (Figure 11). Note, that even this 

complicated graph is a large simplification. For example, feedback relations, e.g. between fish 

quantity and angling (more fish attract more anglers, who then decrease fish abundance, which 

attracts less anglers, etc.) cannot be described by a loop-free graph.  

 

The BN illustrates the intricate causality network between natural and socio-economic boundary 

conditions, water level and water quality, and the final social endpoints of water usage types. 

 

                                                 
110 VITUKI, 2002. On the possibilities of water transfer to Lake Balaton (in Hungarian), Technical Report of 

VITUKI Ltd, Budapest, Hungary 
111  Somlyódy, L. (2005). Water transfer to Lake Balaton: to act or not to act? (in Hungarian). 

Vízügyi Közlemények, Balaton Special Issue, pages 9-62. 
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Figure 11. Interactions between factors of catchment usage, hydrology, water quality, 

ecological status, and water usage for Lake Balaton. 

 
VI.2. Decision-analysis of water level regulation 

 
To stay simple in this didactical example, we avoid an integrated approach. We address only a 

well-defined sub-topic: water level regulation. Following the remembrance of the 2001-2003 

drought and the close-to-critical years since then, the water balance issue was recently targeted 

with a 10 cm increase of the regulation level (which the water should not surpass). The 

motivation for the new regulation regime was the finding that increasing in-lake water storage 

by 10 cm helps to reduce the occurence of critical low water levels by about 50% (i.e. a higher 

regulation level does not influence the dynamics of water intake and losses, it just shifts level 

fluctuations upwards, forming a valuable buffer). While raising the regulation level – and  

working towards as little deviation from it as possible – was certainly welcomed by sailors and 

swimmers preferring a constant high water level, doubts were expressed by other groups 

(inhabitants along low laying shorelines, nature protection agencies, etc). An EIA was dedicated 

to analyse if this raised regulation regime should be kept or something better should step in its 

place. The following didactical example analyses the very same problem with the tools of 

MAVT/MAUT, yet it does not give a full picture as neither all details nor changing boundary 

conditions (e.g. climate change) are considered. 

 
The steps of general decision making will be followed as defined in Figure 1.  

 
VI.3. Definition of the decision-making context 

 
The subject of decision is the water level regulation of Lake Balaton. As the lake does not 

possess any artificial inflows, the regulation process is limited to determining the drained 
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amount. Due to the size of the lake, it is sufficient to analyse regulation on a monthly basis. 

There are long-term hydrological datasets available, which can support a model-based decision-

making procedure. 

  

Stakeholders are all groups influenced by the water level of the lake. For this simple example, 

we identify the following groups (not in order of importance, including their abbreviating 

acronyms): 

 

• Water authorities (WAUTH) as the regulators and maintainers of the shoreline 

infrastructure. 

• Swimmers and other bathing people (BATH). 

• Sailors (SAIL). 

• Permanently resident people and owners of holiday homes (RESID). 

• Nature protection agencies and NGOs, including the National Park Directorate (ECOL). 

 

An extended or different breakdown would certainly be possible, but one has to remind that on 

one hand the number of different stakeholder groups scales the efforts required for elicitating 

their values, on the other hand strongly heterogeneous groups prevent formulating 

unambiguous group-specific objectives. 

 
VI.4. Structuring objectives and quantifying preferences 

  
The general objective is the “good water level regulation”. Different stakeholders understand 

different concepts under “good regulation”, depending on their preferences. During interviews, 

we assume to get the following answers (no actual interview was made): 

 

Stakeholder Preferences with regard to water level regulation 

WAUTH • Water levels should not be too high, because wind induced wave action 

and lake seiche (longitudinal level fluctuations) may inundate residential 

and holiday areas at low laying zones of the flat Southern shore. The water 

authority has to do a costly intervention when this happens. 

• In winter the water level should be preferably below the stone shore-

protecting works, because ice may damage the structures otherwise (ice 

pressure can be tremendous due to the huge lake area). 

• Water level should not drop too low anytime, because exposure of mud 

flats along the southern shore induces complaints on the maintenance. 
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Stakeholder Preferences with regard to water level regulation 

BATH • Swimmers do not like low water levels in the summer, because then they 

have to walk 100-200 metres in the shallows of the Southern shore to reach 

suitable depth for swimming. 

• Bathers do not like extremely low levels because that exposes wide mud 

flats on the Southern shore with abundant macrophyte (aquatic weed) 

vegetation. This hinders reaching the open water and prevents kids from 

bathing in the shallows (which give place to the mud flats). 

SAIL • Sailors prefer a relatively high water level in the sailing season because 

low levels frequently cause problems for larger sailing boats (grounding). 

As sailing gets more and more popular and prestigeous, the mean boat size 

grows steadily despite the shallowness of the lake. 

RESID • Water levels should not be too high, because it may inundate residential 

and holiday areas at low laying zones of the flat Southern shore. 

ECOL • Reed stands prefer dynamic changes in the water level. 

• Reed stands and macrophytes prefer quite low water levels because it 

allows them to expand their habitat area. 

• Macrophytes prefer low water levels in the spring because that improves 

underwater light conditions and facilitates germination. 

 
 

These aspects pose different requirements towards the water level regulation. We can formulate 

them into the following quantitative system attributes that all grasp different aspects of the 

monthly water level time-series: 

 

Attribute name Explanation Calculation method 

SUMMIN Summer minimum level Minimum of monthly levels 

from June to August 

WINMAX Winter maximum level Maximum of monthly levels 

from November to February 

YEARMAX Annual maximum level Maximum of monthly levels in 

a year 

MAYOCTMIN May-October (sailing season) 

minimum level 

Minimum of monthly levels 

from May to October 
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Attribute name Explanation Calculation method 

SPRINGAVG Spring mean level Mean of monthly levels from 

March to May 

WINDELTA Winter fluctuation Difference between maximum 

and minimum within the 

period of November to 

February 

SUMDELTA Summer fluctuation Difference between maximum 

and minimum within the 

period of June to August 

YEARDELTA Annual fluctuation Difference between maximum 

and minimum within the 

period of January to December 

 
To each attribute there belongs a sub-objective for at least one stakeholder group requiring a 

proper value for the attribute. “Proper” again has a different meaning for different stakeholders. 

The sub-objectives can be grouped into two groups: requirements on absolute water levels and 

requirements on the fluctuation of water level. Based on this categorisation, one can draw the 

full objective hierarchy (Figure 12). 

 

 
Figure 12. Objective hierarchy of the lake water regulation problem. 
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VI.5. Value functions 

 

Value functions have to be elicited for all attributes and for each stakeholder. From the list of 

preferences it is obvious that not all stakeholders set up requirements for all attributes. This 

may apparently reduce the number of conflicts and tradeoffs in the system. Yet, conflicts may 

even persist when each stakeholder limits preferences to a single attribute that is specific to the 

stakeholder: since attributes are derived from the same environmental system (in our case from 

the water level time-series), the fulfillment of preferences on different and hierarchically 

distantly related sub-objectives may be strongly limited by the system itself. As an example: 

the water authority preferring a low winter level and swimmers preferring a high summer level 

are not in direct logical conflict over these two sub-objectives. However, the dynamics of lake 

level strongly suggest that high summer levels are strongly correlated to high winter levels due 

to the high water residence time in the lake. Therefore, the simultaneous fulfillment of these 

sub-objectives is highly unlikely. 

 

It is assumed that the following attribute value functions were elicited (Figure 13, color coding 

shows the degree of satisfaction from red [unsatisfied] to blue [fully satisfied], attribute units 

are either in gauge level [cm] or in level difference [cm]). 
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Figure 13. Value functions for sub-objectives directly connected to system attributes in the 

lake level regulation case study. 

 
Aggregation of sub-objectives must happen in nodes “Good water level regulation”, “Proper 

absolute levels”, and “Proper level fluctuation”. For the sake of simplicity, it is assumed that 

all these nodes aggregate with an additive function giving the same weight to all subordinate 

objectives (panel A on Figure 10). In reality, the choice of aggregation method should reflect 

the attitude of the specific stakeholder. 

 

VI.6. Deficit analysis 

 

Historical water levels records can be evaluated by the value functions of different stakeholders 

to see how the stakeholders evaluate the history of water level regulation in the last few decades 
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(1986-2015) in the lake. Given that there were 30 years, each (sub)objective got 30 different 

scores for each stakeholder. This variety represents the variability of hydrological boundary 

conditions and management measures in this period. The evaluations are presented by the same 

color coding as in the value functions Figure 14). The thick black line represents the median 

value.  
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Figure 14. Evaluation results for the historic lake levels in the case study. 

                                                                                                                                                   

In summary, historic regulation preferred (or satisfied) the SAIL and BATH stakeholder groups, 

WAUTH and ECOL were generally dissatisfied. Thus, during the elaboration of management 

alternatives, it should theoretically be ensured that the aspects of WAUTH and ECOL are 

considered too. However, in this example there is one prescribed management alternative, 

which needs no further elaboration. The deficit analysis showed that certain stakeholder 

objectives were neglected during the historic regulation, and the same may apply to the single 

alternative. Therefore, a “compromise” management alternative will be derived based alone on 

the objective hierarchy in Figure 12. 

 

The variability of historic value scores, indicated by the wide rainbow-bands on the value trees 

was high for all stakeholders, except for BATH and WAUTH. The former experienced 

relatively good conditions all the time, the latter the opposite. This variability is not uncertainty 

in a strict sense, it derives from the variability of weather conditions and the historic 

management regime. The value tree figures do not reflect the risk-attitudes of the stakeholders. 

When average value converts directly to utility, the historic regulation was clearly preferable 

for SAIL. However, when occasional low value comes with serious consequences (high risk), 

the picture becomes less obvious. A risk-avoiding attitude may seldom prefer high variability 

in value.  

 

VI.7. Predict consequences of management alternatives 

 

In this simple example, there is only one prescribed management alternative: the uniform 

regulation level (at 120 cm stage at the Siófok gauge) that is 10 cm higher than the previous 

uppermost limit. This limits decision to adapting the alternative or rejecting it (e.g. returning to 

the historical regulation regime). To be able to estimate the consequences of adapting the 
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alternative, one needs to do some modeling. In our case this is simple too, because we just 

simulate what had happened under the past meteorological and hydrological boundary 

conditions if the new regulation regime was in force.  

 

From the hydrological database past records for natural water balance are available alongside 

the stage data. The natural water balance (NWB) of the lake is the sum of direct precipitation 

(P), and inflowing natural discharge (I), minus the evaporated amount (E): NWB = P + I – E. 

The useful propety of NWB for Lake Balaton is that due to the negligible amount of water 

extraction and artificial influx the difference of NWB and drainage (D) gives the change of 

water level (ΔZ): ΔZ = NWB – D. Furthermore, the surface of the lake does not change 

significantly in the historical level domain, therefore P, I, and E and consequently NWB are not 

considered  to be influenced by management.  

 

Unlike real environmental models, our model does not introduce any obvious uncertainty. Still, 

weather variability causes variability in NWB, which will introduce a similar scatter to value 

scores as seen in the case evaluating historic water levels. Besides this, one cannot assume that 

the NWB calculation 112  (a quite complicated hydrological calculation that includes error 

correction based on observed water level changes and estimated values of D) is error-free. Thus, 

there must be some uncertainty that originates from the data and the model, yet it cannot be 

assessed in the absence of control data. When an estimate of the NWB error would be available, 

its effect on value scores could be assessed by adding a corresponding stochastic perturbation 

to the NWB data and by propagating the derived water levels through the value hierarchy. 

 

The fictive past water levels are calculated from NWB in an iterative way. The initial level at 

1st of January 1986 is fixed to the actual value. Afterwards, until December 2015 the following 

algorithm is applied for each month: 

 

1. The level at the end of the month is Zi+1 = Zi + NWBi – Di, where Di is the drained 

amount, Zi is the level at the beginning of the month, and NWBi is the natural water 

balance during the month.  

2. Drainage is only active when the end level is above the regulation level for the given 

month (Zreg,i). Drainage is limited by the capacity of the drainage canal (Dmax = 100 

m3/s, equivalent to 1.44 lake cm daily), so: Di = min(Zi + NWBi – Zreg,i, Dmax). 

3. The true water level at the end of the month is then Zi+1 = Zi + NWBi – min(Zi + NWBi 

– Zreg,i, Dmax). 

4. The next month is taken. 

 

VI.8. Evaluate the consequences of management alternatives 

 

The calculated water level series for the single management alternative is propagated through 

the objective hierarchies of the stakeholders. The scores for the uniform 120 cm regulation level 

are shown in figure 15. 

 

                                                 
112 Done by the Middle Transdanubian Water Agency, Hungary. 
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Figure 15. Evaluation scores of the constant 120 cm regulation alternative in the case study. 

 

 

Based on the scoring, it is obvious that the management alternative is preferable for SAIL and 

BATH. For the former, there is singificant spread in scoring, indicating that despite the high 

regulation level, occasionally unpreferred (low) stage may happen, but for the latter the 

alternative seems to be a full success. Other stakeholders, such as WAUTH and ECOL have to 

face strongly unpreferred states. The group of RESID is halfway between the two extremes. 

 

Due to the absolute scoring of MAVT/MAUT, the scores of the management alternative and 

the historical regime can be directly compared. The following figures do the comparison by 

showing the scores for the 120 cm alternative in the lower half of the boxes and the history in 

the upper half (Figure 16) 
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Figure 16. Comparison of the historic levels (upper half) and the 120 cm regulation 

alternative (lower half) in the case study. 

 

As the thick lines indicating the median score tell, the 120 cm alternative brings (on average) 

improvement to SAIL and BATH. Median scores decline slightly for RESID, but still stay in 

the preferred region. ECOL and WAUTH suffers from a noticeable decrease in preference from 

its already poor position. Risks are getting more severe for WAUTH, and ECOL because the 

probability and severity of unpreferred states increases. 

 

It has to be mentioned that due to the aggregation of different aspects, uncertainty tends to grow 

and differences tend to shrink during propagation through the objective hierarchy. therefore, 

cross-alternative differences and their confidence is typically smaller at the broader objectives 

than in the specific sub-objectives. Despite this, differences in median score and the uncertainty 

interval clearly show which alternative is preferable over the other for the specific stakeholder. 

 

Decision for or against the 120 cm regulation level should consider the weight and risk-

tolerance of stakeholders. From a ploitical point of view, the populous stakeholder groups of 

BATH and SAIL could be more satisfied at the cost of RESID (moderate costs in form of 

elevated inundation risks), WAUTH (noticeable costs through increased maintenance), and 

ECOL (severe costs in form of harming the aquatic vegetation and the reed stands). From a 

precautionary perspective, the price of the 120 cm alternative seem to be too high because 

important stakeholders (ECOL and WAUTH) are brought into critical situation potentially 

causing unforeseen harms and therefore the alternative cannot be considered as a good solution. 
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VI.9. Developing a compromise alternative 

 

Both the historic regulation and the 120 cm alternative seriously offend some stakeholders 

while favouring others. A better solution would be to find a compromise alternative that 

carefully balances between stakeholders to maximise collective satisfaction or minimise the 

occurence of strongly dispreferred states. This does not per se mean that all stakeholders could 

be fully satisfied at once, which is impossible when conflicting preferences are present. 

 

In the current case it is possible to formulate management alternatives mathematically, one just 

has to specify the regulation levels for the 12 months of the year. This means that 

the ’management model’ has 12 parameters. A mathematical optimization algorithm can be 

then applied to find the 12 values that yield the best evaluation.  

 

Since the case involves 5 stakeholder groups, we have to provide a mathematical method to 

aggregate their evaluation scores into a single one, because we don’t want to analyse a 5 

dimensional pareto front at the moment. This will be done by the following arbitrarily assigned 

stakeholder weights: WAUTH = 1, BATH = 2, SAIL = 2, RESID = 1, ECOL = 3. The weights 

try to reflect the population and importance of the stakeholder groups, but care was taken not 

to assign a majority weight to anyone and relative weight differences were kept limited. The 

overall score (Soverall) stems from the stakeholder scores as follows: 

 

Soverall = (SWAUTH + 2 SBATH + 2 SSAIL + SRESID + 3 SECOL) / 9 

 

where the division by 9 (the sum of all weights) normalizes the score back to in between 0 and 

100%. To reflect the uncertainty present in evaluation (here because of the year to year 

variability), each alternative gets a distribution of scores, of which the mean is taken. Thus, the 

objective function of the optimisation is the mean weighted evaluation over the stakeholders 

and the optimisation strives towards the maximum possible value. 

 

The result of the optimisation is a new management alternative. Since both the historic and the 

constant 120 cm regime were seriously biased towards BATH and SAIL, the new alternative 

formed a compromise to maximise overall satisfaction. The regulation levels change over the 

course of the year, trying to keep winter levels low with a strong drain in December while 

aiming to reach a full fillup by late spring (Figure 17). 
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Figure 17. The optimized regulation regime. In the historical hydrological data, there was no 

year when the July regulation level should have been used, so the only fact is that the July 

threshold is somewhere above 120 cm. 

 

Evaluation compared to the 120 cm alternative is shown in Figure 18 (constant 120 in upper 

half, optimised in lower half). 
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Figure 18. Comparison of the 120 cm regulation alternative (in upper half) and the 

compromise solution (in lower half) in the case study. 

 

 

The compromise causes a significant improvement in ECOL and RESID, and the probability 

of better WAUTH scores increases as well. The price for it is paid mainly by SAIL and partially 

by BATH.  

  

The score for ’Good water level regulation’ is shown in Figure 19 for all alternatives (the red 

dashed line indicating the 50% satisfaction level). 
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Figure 19. Distribution of the overall stakeholder scores for the alternatives. In this Box plot 

the box encompasses the 25 to 75% percentiles, the whiskers and dots indicate spread and 

extremes, respectively. 

 

The low satisfaction of WAUTH in all alternatives (history, 120 cm, optimised regime) 

indicates that the requirements of WAUTH generally oppose the preferences of all other 
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stakeholders. Given this conflict, the optimisation algorithm chose maximising the overall 

satisfaction of the remaining 4 stakeholders. Based on the formulation of preferences, the issue 

of bad score from WAUTH is in principle a cost question. When sufficient funds are provided, 

the preferences of WAUTH regarding the water level can be relaxed and the overall satisfaction 

can be close or above the 50% limit for all stakeholders. 

 

Modelled water levels with the three alternatives (Figure 20) show that the optimised regime 

resembles more the historical one than the constant 120 cm version.  

 

 
Figure 20. Modelled water levels by the optimized compromise and the constant 120 

alternatives and the actual historic levels. 

 

A decision maker aiming to maximise satisfaction of all stakeholders should opt for the 

compromise solution. However, when SAIL and BATH dominate the issue and others play an 

inferior role, the 120 cm alternative is still superior. 

 

Of course, the outcome of the compromise search is conditional on the assigned weights, the 

stakeholders’ objective hierarchy and the aggregation method (mean). When any of those 

change, the compromise management alternative, its evaluation and the final choice may 

change as well. 
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