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Chapter Highlights 

Approach: We used fuzzy cognitive mapping combined with a novel analytic 
approach from network controllability to explore the causal structure of the devel-
opment of a regional bio-based economy and to identify “control configura-
tions”—subsets of factors which could theoretically be used to steer the system to 
any given state. 

Participant Engagement: A variety of regional stakeholders engaged in three 
workshops to construct and verify the cognitive map, evaluate the controllability 
of factors, and, hence, the optimal control configurations for the system from their 
perspective. 

Models/Outcomes: Six possible control configurations of the bio-based econo-
my system map were calculated and stakeholders chose two as the most optimal. 
These were used to focus decision making and future modeling work. 

 
Challenges: Control configurations are dependent on map structure generated 

in an intersubjective group context, hence the line between thinking tool and de-
finitive model must be made clear and robustness testing performed. Different 
stakeholders perceive factors as differently controllable and the process must be 
adapted to take this into account. 

 
Abstract 
Fuzzy Cognitive Mapping (FCM) is a widely used participatory modeling 

methodology in which stakeholders collaboratively develop a cognitive map (a 
weighted, directed graph), representing the perceived causal structure of their sys-
tem. FCM can be an extremely useful tool to enable stakeholders to collaborative-
ly represent and consolidate their understanding of the structure of their system. 
Analysis of an FCM using tools from network theory enables the calculation of 
“control configurations” for the system; subsets of system factors which if con-
trolled could be used to drive the system to any given state. We have developed a 
technique that allows us to calculate all possible, minimally-sized control configu-
rations of a stakeholder-generated FCM within a workshop context. In order to 
evaluate our results in terms of real world “controllability,” stakeholders score all 



 

 

factors on the basis of their ability to influence them, allowing us to rank the con-
figurations by their potential local controllability. This provides a starting point for 
discussions about effective policy, or other interventions from the specific per-
spective of regional actors and decision makers. We describe this methodology 
and report on a participatory process in which it was tested: the construction of an 
FCM focusing on the development of a bio-based economy in the Humber region 
(UK) by key stakeholders from local companies and organizations. Results and 
stakeholder responses are discussed in the context of our case study, but also, 
more generally, in the context of the use of participatory modeling for decision 
making in complex socio-ecological-economic systems. 
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8.1 Introduction 
 
8.1.1 Tools for steering complex systems 
 
The work that we report in this chapter, including the development of the con-

trol nodes methodology, was carried out in the context of the Evolution and Resil-
ience of Industrial Ecosystems (ERIE) Project at the University of Surrey 
(http://www.surrey.ac.uk/erie). The explicit aim of this interdisciplinary project 
(along with three other Engineering and Physical Sciences Research Council 
(EPSRC)-funded “Complexity Science for the Real World” projects) was to com-
bine novel mathematical and computational tools and techniques with complexity 
science approaches to produce decision-making frameworks for stakeholders and 
policy makers in industrial networks. In our particular case study we worked 
alongside industrial, local-government, and NGO stakeholders in the Humber re-
gion of the UK, with the aim of creating management tools to contribute to re-
gional development.  

Ultimately, our motivation for gaining an understanding of the causal 
structure of this system is that the system stakeholders want to steer or influence 
it. We typically have multiple objectives: We may want to increase certain things 
—such as bio-based energy production, jobs, and sustainability—and, perhaps de-
crease others. Our difficulty is to work out how to do so. With this in mind, our 
work is framed within an adaptive management approach (Waltner-Toews and 
Kay 2005), in which we see steering complex systems as an ongoing, cyclic, par-
ticipatory process within which both regional actors and scientists are explicitly 
seen as stakeholders. Such a process has a number of stages: collaboratively de-
veloping a system understanding through participatory work and modeling; using 
this understanding to list plausible system scenarios; choosing a vision for the sys-
tem; design of interventions along with monitoring strategy and infrastructure to 
allow adaptation of interventions according to feedback from the system itself; 
and then implementation, monitoring, learning, and strategy adaptation. Designing 
context-appropriate system interventions that will allow us to manipulate the sys-
tem toward our chosen goals is a challenging problem. It is usually impractical— 
or at least difficult and expensive—to attempt to control every factor within a sys-
tem directly. Additionally, the network of interactions is complex. There are many 
interconnected factors and many connections; altering the value of one factor will 
affect the rest of the system. A more effective and less costly way to manage the 
system than struggling to impose control at every level is to exploit its causal 
structure. To aid in more rigorous approaches to this, we aim to contribute to an 
additional stage in the adaptive management process of finding effective system 
“levers” to enable design of efficient interventions. This, like all modeling pro-
cesses within adaptive management, will consist of interplay between a variety of 
mathematical and computational tools and stakeholder knowledge and participa-
tion. The control nodes methodology presented in this chapter provides one such 
tool, but its utility will depend explicitly on its use in the context of a full partici-
patory process.  

 



 

 

8.1.2 The Humber Region Case Study 
 
The Humber region faces significant new challenges and opportunities with the 

transition to a low-carbon economy. It is one of the UK’s most important energy 
hubs, with strategic energy generation facilities and infrastructure based around 
fossil fuels, and new investment in large-scale renewable energy technologies. The 
development of a bio-based economy has been recognized as a key opportunity for 
regional economic growth by regional industrial fora (Hull Forward Limited 2009, 
Energy A, Group E 2007). This is due to the presence of required infrastructure 
and support industries, availability of feedstock from the substantial agricultural 
hinterland, and bulk imports via the large local ports. Numerous biodiesel and bio-
ethanol facilities already exist or are under construction and the region expects to 
become the center of an emerging UK biofuel industry responsible for 50% of UK 
production within the next five years. Significant investment is also underway in 
energy from biomass and biowaste facilities, alongside developments in biorefin-
ery to produce high-value chemicals. The estuary is also of national and interna-
tional biodiversity and conservation importance, and due to climate change pre-
sents increasing flood risk management issues—both of these issues can cause 
friction over proposed development. Furthermore, neighboring communities face 
significant socio-economic problems including unemployment and fuel poverty. 
Development of the region and its economy is thus affected by, and affects, linked 
biophysical, industrial, economic, social, and governance systems, populated by 
many diverse actors. Understanding and managing the interactions of the compo-
nents of these systems as they develop will be crucial in addressing the balance 
between economic development, efficient use of resources, reduction in environ-
mental impacts, and job creation on a regional and national scale. We aim to de-
sign model-based decision-support tools for the region to facilitate effective man-
agement of the transition to a bio-based economy. 

 
8.1.3 Participatory Modeling in our Methodology 
 

In a multi-actor, industrial context such as this, data needed to construct a 
model may be sparse, commercially sensitive, or not centrally collected; the situa-
tion may be changing rapidly, influenced by many factors, and highly regionally-
specific. We also require ways to enhance stakeholder engagement with modeling 
and complexity approaches to regional management so our tools are useful and 
usable. Hence, input and “buy-in” from expert stakeholders is vital to a successful 
outcome. Participatory modeling (PM), in which stakeholders in a system of study 
are actively involved in some aspect of the creation or evaluation of models of that 
system, is a particularly effective way to achieve both aims. Stakeholders can 
bring valuable first-hand knowledge and ideas to a research process (Ramanath 
and Gilbert 2004, Bousquet and Trebuil 2005, Batten 2009, Barreteau 2003) aid-
ing, for instance, development of models and scenarios, interpretation of results, 
and formulation of collective strategies or policy alternatives. Their involvement 
in a model’s construction can also provide a sense of ownership which makes it 



 

 

more likely to be used. As participatory modeling includes a broad spectrum of 
methods, we clarify our approach below. 

We view participation as the collective and active involvement of various 
actors in the modeling process. By active, we mean that participants are not pas-
sive information receivers/transmitters but have the opportunity to understand, 
criticize, and reflect on relevant concepts and—at least to some degree—intervene 
in the modeling process. By collective, we mean that participants are involved 
simultaneously with at least some possibility for interaction. According to the par-
ticipation typology proposed by Pretty (1995), this view would then be classified 
as interactive participation where stakeholders share the diagnostic and analytical 
methods and tools or results. In our process, stakeholders were involved through-
out, from framing to constructing and evaluating models within a facilitated group 
context. 

Models may be understood generally as “conceptual systems consisting 
of elements, relations, operations, and rules governing interactions... that are used 
to construct, describe, or explain the behavior of other systems.” (Jonassen 2004). 
In this sense, models can either be classified as external and explicit or internal 
and implicit (Epstein 2008). Internal models reside in the mind and frame our per-
ception of and thinking about a reference system. External, explicit models take 
the form of concept maps, equations, computer programs, etc. The relationship be-
tween internal and external models is dynamic and reciprocal: external models are 
imperfect manifestations of our internal models while the latter are changed or up-
dated during the construction of the former. 

From this perspective, participatory modeling is simultaneously a social 
process, a learning process, and a modeling process during which actors jointly 
develop external models and in the process review, challenge, and update their 
own and each other’s internal models. As such, participatory modeling produces 
different outcomes at different levels: individual outcomes such as learning or 
conceptual change, group outcomes such as consensus building, and methodologi-
cal outcomes such as modeling tools (Rouwette et al. 2002). (Note that these vari-
ous outcomes of the modeling process tend to diverge and it is not possible to 
maximize all of them in the same process (Van den Belt et al. 2010).) Therefore, 
constructing a computational model may be only one, and perhaps not the most 
important, goal. In our process all outcomes are important, but we ultimately wish 
to construct external models that aid in a collective system-management process.  

In participatory modeling, a polarization exists between the positivist 
paradigm—which assumes that objective truth exists and modeling must approach 
it as closely as possible in order to better inform decision-making—and the con-
structivist paradigm—according to which reality is socially constructed, thus to 
understand it and improve decision-making, it is necessary to refer to those who 
construct it (Voinov and Bousquet 2010). Using FCM, stakeholders construct a 
model of their perceptions of the system that is, in that sense, empirical. However, 
in terms of its intended role in a cyclical decision-making, intervention, and learn-
ing process of socio-technical-economic system management, we consider it to be 
both conceptual and empirical. 



 

 

Ultimately, Voinov and Bousquet (2010) identify two objectives that may 
co-exist within participatory processes: to “(a) enhance the stakeholders’ 
knowledge and understanding of a system and its dynamics under various condi-
tions, as in collaborative learning, and (b) identify and clarify the impacts of solu-
tions to a given problem, usually related to supporting decision making, policy, 
regulation or management.” In the context of an adaptive management process we 
wish to use both these properties at different stages. Within this chapter we de-
scribe our progress in using a particular participatory modeling approach, Fuzzy 
Cognitive Mapping, combined with novel analytical tools in order to facilitate 
both these possible goals within the course of an ongoing participatory process.  

 
 
8.2 Methodology: Expanding Fuzzy Cognitive Mapping with Network 

Controllability Analysis 
 
8.2.1 Fuzzy Cognitive Mapping 
 

Given the challenges of our particular system, the limited time that our 
stakeholders had available, and our goals of increasing stakeholder engagement 
with “whole systems” approaches, we chose to use Fuzzy Cognitive Mapping 
(FCM) (Kosko1986). As described in Chapter 9 of this volume, FCM is a meth-
odology that can capture qualitative knowledge from a variety of domains and in 
which the stakeholders themselves are able to construct the model and view results 
within the course of a one-day workshop. FCM is widely used for problem-
solving in situations where numerous interdependencies are thought to exist be-
tween the important components of a system, but quantitative, empirically-tested 
information about the forms of these interdependencies is unavailable (Taber 
1991, Craiger et al. 1996, Schneider et al. 1998, Hobbs et al. 2002, Fons et al. 
2004, Mendoza and Prabhu 2006, Soler et al. 2012). The method aims to encapsu-
late the qualitative knowledge of expert participants or system stakeholders in or-
der to rapidly construct a simple systems-dynamics model of a specified issue. It is 
considered particularly useful when behavior and decisions of stakeholders play 
an important role in determining the outcome of a system’s development; when 
detailed local knowledge, but not scientific data, is available; and in problems 
where public or stakeholder participation is desirable or required (Ozesmi and Oz-
esmi 2004). The model produced via an FCM process can be used for scenario 
testing and to facilitate further discussion and interaction within/with a stakeholder 
group. However, the values of factors and the links between them can only be in-
terpreted in relative terms (Kok 2009). 

 The process of model construction consists of several stages: First, stake-
holders generate and select key concepts/factors that are important influences on, 
or parts of, the system of interest. Factors can be from any domain (social, eco-
nomic, physical, etc.) and may be qualitative or quantifiable. Second, causal influ-
ences—positive or negative links—between factors are discussed and decided on, 
which allows for construction of a directed graph. Finally, participants rank and 
verbally describe the strengths of these influences between factors, ultimately pro-



 

 

ducing a directed graph with weighted links, which we refer to as the cognitive 
map or FCM. FCMs may be generated collaboratively by a group of stakeholders 
at a workshop (Kok 2009, Jetter and Kok 2014), or by individuals via question-
naires or interviews (Ozesmi and Ozesmi 2004, Mouratiadou and Moran 2007). 
Disparate maps of the same system from different sources can be combined and 
normalized (Mouratiadou and Moran 2007, Kosko1992, Banini and Bearman 
1998, Khan and Quaddus 2004). Alternatively, conflicting structures resulting 
from different expert opinions or future possibilities can be investigated as alterna-
tive scenarios (Jetter and Kok 2014, Kafetzis et al. 2010). 

Graphs may then be used as the basis for simple dynamical models, with 
the weighted graph represented as an adjacency matrix used to update a vector of 
factor “values” (see Eq. 8.1). These are iterated forward to infer the possible, logi-
cal outcome of the system interconnections that participants have described, as 
well as the outcomes if links or their strengths are modified to represent alterna-
tive scenarios (Hobbs et al. 2002, Mendoza and Prabhu 2006, Soler et al. 2012, 
Papageorgiou and Groumpos 2005).  

 
𝑥!!! = 𝑓 𝑨𝑥!    𝑥! given (8.1) 
 

Where 𝑨 is the weighted connectivity matrix, 𝑓  is the thresholding func-
tion or functional mapping (which may take a variety of forms), and 𝑛 is the dis-
crete time step. The state vector 𝑥! contains real values for all the key factors 
identified by participants.  

 
 
8.2.2 Interpretation of Fuzzy Cognitive Maps 
 
It is clear that any graph that stakeholders produce will be a representation of 

their own opinions and expertise about their system and cannot be separated from 
the intersubjective group context. The strength of this technique is not, therefore, 
in obtaining a “definitive” model of a given human system, but in its ability to en-
gage stakeholders, promote learning and discussion among disparate groups, en-
hance understanding of whole systems approaches, and extract a starting point for 
systems modeling where data on system structure is not available and where im-
portant variables are qualitative or hard to quantify (Ozesmi and Ozesmi 2004, 
Mouratiadou and Moran 2007, Kafetzis et al. 2010). In the context of much partic-
ipatory work, the FCM is therefore primarily an organizational learning tool and 
an aid to engagement. It is highly valuable in making explicit, then clarifying, 
mental models and provoking discussion among stakeholders. The rapid construc-
tion of a simple mathematical model from such a cognitive map serves an im-
portant function in making explicit to stakeholders what the consequences of their 
beliefs about lower-level causal structure actually entails for the whole system. 
That is, to check the internal consistency of stakeholders’ cognitive maps of the 
system. 

Despite the utility of dynamic models in aiding discussion, we found that 
different functional mappings gave inconsistent results when applied to the same 



 

 

map structure: they often had more impact on model output than changes in the 
map itself (Penn et al. 2013, Knight et al 2014). Without any principled and 
straightforward way to choose between different mappings, this limits the use of 
these techniques for checking the internal consistency of proposed map structure. 
(For a description of the variety of mappings available and their use in model 
analysis see McNeil.)  

One possible way to avoid this problem is to simply analyze the map as a 
network, using tools from network theory to aid in interpreting the structure. The 
representation of sets of interactions or relationships between interacting entities 
as a network or graph has become widespread in numerous fields (Borgatti et al. 
2009, Proulx et al. 2005). Network analysis has proved to be a useful tool in un-
derstanding whether specific network structures are vulnerable to failure and 
which particular nodes in a given network exert a strong influence on its processes 
(May et al. 2008). A network analytic approach can be applied to the causal inter-
relations between factors produced in an FCM process as long as care is taken in 
the interpretation of results.  

 
 
8.2.3 Control Nodes Methodology 
 

While keeping in mind the provisos that apply due to the intersubjective 
nature of our graph, network analysis offers various novel possibilities when using 
an FCM in decision-support processes. One is the application of a network con-
trollability methodology to determine the network’s potential “control nodes” (Liu 
et al. 2011). These are subsets of nodes within a network; one must control their 
state to steer the whole network to any state within finite time. These exist due to 
the structure of causal connections: Altering any factor will influence other factors 
in the network and altering some factors will have more influence on the network 
than others.  

As discussed in Section 8.1.1, a central goal of ERIE is to combine mod-
eling and participatory work to find effective levers or points of intervention with-
in a given system to facilitate an adaptive management process. Finding control 
nodes offers a potentially useful approach.  

For most networks there exist numerous subsets of nodes (factors, in our 
case) that we can use to control the state of the whole network—we call these 
“control configurations.” Any particular network will usually possess many con-
trol configurations of different sizes, that is, containing different numbers of 
nodes. Liu et al. discovered a technique to calculate the minimum size of control 
configuration for a given network; however, their method does not identify which 
nodes these minimal configurations contain. Therefore, the information needed to 
discuss the potential use of these system levers is not available. In order to use this 
technique in our adaptive management process, we developed a method to identify 
the nodes contained in all the control configurations (of minimum size) for a given 
network. The specific computational details are given in Penn et al. (in prepara-
tion). In brief however, Liu et al. showed that there was a one-to-one relationship 
between control configurations (of minimum size) of a network and the “maxi-



 

 

mum matchings” of the network—that is, the maximum set of links that do not 
share start or end nodes, and that the control configurations could be directly gen-
erated from the maximum matchings. Finding a maximum matching is a “graph 
coloring” problem where the objective is to “color” the maximum number of links 
in the network under the constraint that there can be a maximum of one “colored” 
link entering, and one “colored” link leaving, any given node. Liu et al. showed 
that for a maximum matching, the set of nodes which do not have a “colored” link 
entering them form a minimal control configuration (of which there may be 
many). This reworking of the problem allows the application of the well-known 
polynomial Hopcroft-Karp algorithm (Hopcroft and Karp 1973) in the place of 
previous exponential time algorithms. This makes computation of the minimum 
control configurations for smaller networks feasible within a workshop scenario. 

 
 
8.2.4 Incorporating Control Nodes into a Participatory FCM Workshop 
 

This technique computes only the control configurations of minimum 
size of a given network, but arguably, it should be easier to manipulate a given 
system using the smallest number of points of intervention possible. Given this, 
the minimally-sized control configurations offer a set of plausible options for sys-
tem intervention with adaptive management in mind. It is evident however, that 
the factors that are mathematically determined to be the most effective at control-
ling the network due to their position within its structure, may not be the factors 
that are most controllable from the point of view of a particular set of system 
stakeholders. Some factors are the product of the interaction of numerous large-
scale effects, some are controlled by different sorts of actors or organizations at 
different scales. For this reason, to render this technique as useful as possible, the 
control configurations should each be evaluated according to their “real world” 
controllability. We designed a process of factor controllability scoring within a 
workshop context to allow ranking and evaluation of the control configurations in 
terms of total controllability according to the particular stakeholders present. Es-
sentially, this involves stakeholders rating each factor as easy, medium, or hard to 
control during group work. This discussion is carried out without any prior presen-
tation of the results of the control configuration analysis to avoid any possible bias 
of results. Scores for each factor are then displayed, discussed with the whole 
group, and consolidated as averaged numerical values. This allows us to rank the 
mathematically produced control configurations according to the stakeholders’ 
perceptions of their controllability. We describe the results of applying the control 
nodes methodology to an FCM as part of our on-going participatory process in 
Section 8.3. 
 

 
8.3 Case Study: Applying Control Nodes Methodology to Stakeholder-

Produced Fuzzy Cognitive Maps 
 
8.3.1 Producing a Cognitive Map of the Humber Bio-based Energy System 



 

 

As part of our on-going engagement with the Humber region, we facili-
tated FCM construction and verification workshops on development of a bio-
based economy in the Humber region. FCM construction followed the standard 
form described in Section 8.2.1 and involved eleven participants representing in-
dustry, local authorities, and non-governmental organizations who collaboratively 
produced a single map. A verification and scenario-generation session was carried 
out three months later at a local environmental managers’ meeting. The participant 
group had a similar composition and included both attendees of the original work-
shop and newcomers. Participants produced distinct, alternative structures for the 
map based on local or non-local feedstock production. The full details of work-
shop methodology and map output including transient dynamics and precise val-
ues of factors at the map fixed points (under both linear and sigmoidal mappings) 
are detailed in Penn et al. (2013). The map for the non-local feedstock supply sce-
nario is shown in Figure 8.1. In this scenario, feedstock is imported via the port ra-
ther than grown locally, meaning that there is no direct competition for land be-
tween feedstock production and industrial development. Availability of land for 
development is constrained by habitat regulations, however. 

 
 

 
 
Fig. 8.1 Fuzzy Cognitive Map of non-local feedstock production scenario for 

Humber region bio-based economy. Factors outlined in green were added to the 
original FCM as a result of the verification exercise. International Instability (vs. 
UK stability), Flood Risk, and Habitat Regulations were identified as key external 
drivers of the regional system—a driver being defined as a factor with outgoing 
links only (these are denoted by self-reinforcing links which have strength 1 so 



 

 

that drivers are maintained at a constant value). The thickness of links denotes the 
strength of the influence (reproduced from Penn et al. 2013). 

 
8.3.2 Humber Bio-based Economy Control Nodes Workshop 
 

In order to pilot the FCM control nodes methodology we ran a three-hour 
workshop based around evaluation of a pre-existing FCM, the “non-local feed-
stock supply” scenario (Figure 8.1). The workshop was designed to account for 
the fact that many of the participants had not been involved in construction of the 
original FCM. This also allowed pre-calculation of the control configurations. 
Eleven regional stakeholders attended, again representing local authorities, indus-
try, and NGOs. Five participants had previously attended one of the fuzzy cogni-
tive mapping workshops.  

After introducing the previous FCM and the network controllability concept, 
we began with a clarification of the non-local feedstock map. A table of previous-
ly agreed factor definitions was perused within brief small-group discussion. Un-
clear factors were fed back and clarified for the whole group. This led into the 
main body of the workshop, beginning with ranking “controllability” of the fac-
tors: First, small group discussion in which factors were grouped as easy, medium 
or hard to control; second, feedback and whole-group discussion of the differences 
between groups, allowing a rough consensus on factor controllability and preser-
vation of key conflicts. Average factor controllability scores were calculated over 
results from all groups (as numerical values) and results for each factor identified 
as a control node in a given control configuration were simply added together to 
give a total score for that configuration. The top two control configurations were 
presented and contrasted with the lowest-ranked configuration. Results were fol-
lowed up with discussion on the stakeholders’ responses to the configurations and 
how they related to their perceptions or experience of the system, the nature and 
limitations of the nodes’ controllability, and the utility of controllability ideas and 
methodology. 

 
 
 
 8.3.3 Controllability Results  
 
8.3.3.1 Factor Controllability as perceived by stakeholders:  
 
Table 8.1 Votes for controllability of all factors by the three groups and the av-

erages used in calculation of total configuration controllability. (Note, some 
groups did not vote on all factors.) 

 

 

 
Easy Medium Hard Average 

Bio-based energy production  x   x Medium 



 

 

By-products  x  x x Medium 

Community acceptance  x xx   Medium 

Competitiveness    xx x Medium 

Ecological Sustainability    x x Medium 

Existing industries   xx  x Medium 

Feedstock  x xx   Medium 

Flood Risk   xx  x Medium 

Fossil fuel price     xxx Hard 

Funding   xx  x Medium 

Infrastructure   xx x Medium 

International instability     xxx Hard 

Jobs x    xx Medium 

Knowledge xx  x   Easy 

Land availability: Development xxx     Easy 

Land availability: Feedstock   xx x Medium 

Policy: Habitat Regulations    x xx Hard 

Policy: Positive    x xx Hard 

Technology x  xx   Medium 
 

 
As can be clearly seen, some factors achieved a consensus on their con-

trollability, but a range of opinions existed on the controllability of the majority of 
factors. In particular, by-products, jobs, and bio-based energy production pro-
voked a wide spread of views. Other factors such as land availability, develop-
ment, or fossil fuel price were universally seen as easy or hard to control respec-
tively.  

 
8.3.3.2 Control Configurations 
 

We had previously calculated all the possible minimal control configura-
tions for the network representing the “non-local feedstock supply” scenario 
shown in Figure 8.1 using the methodology described in Section 8.2.3. One of the-
se control configurations, configuration A, is shown in Figure 8.2. The six factors 
highlighted in the diagram together form a minimal set of nodes that, if controlled 
independently, could be used to control the state of the entire network. 

 



 

 

 
 
Fig. 8.2 Configuration A for the “non-local feedstock supply” scenario cogni-

tive map. Factors highlighted in dark blue are control nodes 
 

This particular network has six different minimal control configurations 
which overlap to some degree. All control configurations must by definition con-
tain the driver nodes of the FCM (flood risk, policy: habitat regulations and inter-
national instability), as they have no incoming connections and hence cannot be 
indirectly controlled by any other node. (“Drivers” are external factors which in-
fluence, but are not influenced by the system.) All the control configurations con-
tain six nodes which, excluding the three drivers, are all drawn from a subset of 
five nodes. The factors in each control configuration are summarized in Table 8.2. 

 
Table 8.2 Table of control nodes for control configurations A-F, each column 

represents a configuration and rows represent different factors. Factors are present 
in a configuration if the corresponding grid square contains a cross. 

 
 
 
Factor A B C D E F 
Flood Risk x x x x x x 
Policy: Habitat Regulations x x x x x x 
International Instability x x x x x x 
Biological By-products x  x  x x 
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Weak 
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 Infrastructure 
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International 
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Knowledge  x  x x x 
Infrastructure x x x x   
Land Availability: development      x x  x 
Fossil Fuel Price x x   x  
 
 
 
8.3.3.3 Stakeholder ranking of control configurations 
 

Compiling the results of stakeholders’ estimates of factor controllability, 
we ranked the control configurations as described above. Total scores for each 
configuration are given in Table 8.3. According to stakeholders then, the most 
controllable configurations are D and F and the least controllable is A (as shown 
in Figure 8.3). The principle factor in the low ranking of configurations A, B, and 
E is that fossil fuel price, which is considered hard to control, is a control node in 
all three. Configurations D and F, on the other hand, are the only two containing 
two control nodes ranked as easy to control by stakeholders: knowledge and land 
availability: development. It is interesting to note that “by-products,” one of the 
factors that caused the most disagreement regarding controllability, was found to 
be a control node in four of the six configurations. Altering the controllability of 
the by-products factor to reflect the diversity of participant opinion would change 
which configurations were judged to be most controllable.  

 
 
Table 8.3 Control configurations ranked by sum of controllability score of all 

control nodes in configuration. Configurations are listed in order of ascending 
controllability  

 
  
Configuration Controllability  
A 9 
B 10 
E 10 
C 11 
D 12 
F 12 
 
 
 8.4 Discussion 
 
8.4.1 Stakeholder Response to the Process 
 



 

 

Compiled workshop feedback makes it evident that stakeholders had an 
overall very positive response to this activity and found it thought-provoking and 
useful in discussing the function of the system and their interactions with it. They 
did, however, find it challenging to define factor controllability in a simple way. 
Many of the factors in the FCM are broadly defined and/or composites and, hence, 
different examples or elements of these factors may be quite different in terms of 
their controllability. This may imply that the map itself might need to be restruc-
tured and factor definitions revisited for a controllability analysis if differences are 
too large. Varying types of stakeholders also perceived the controllability of fac-
tors very differently depending on their relationships to them. Local authorities, 
for example, felt they could take steps to increase skills and knowledge while in-
dustry did not; industrialists considered the nature of their by-products to be high-
ly controllable while others assumed this was not the case. For this reason, when 
evaluating factor controllability the question of “controllable by who?” arose rap-
idly. 

A general observation was made that scale was crucial in terms of con-
trollability. Larger scale factors or factors that originated or were affected by dy-
namics outside the immediate region were perceived to be harder to control. Polit-
ical factors determined by national government were seen to be hard to control by 
many stakeholders. However for others, such as local authorities—who are accus-
tomed to working with and around such factors by negotiating with related agen-
cies—these factors were seen as less difficult to control. Complex factors with 
multilateral influences, such as international instability and fossil fuel price, were 
universally seen as hardest to control.  

We might expect those factors that were identified as external drivers to 
be labeled as hard to control since, by definition, they have no incoming connec-
tions from the regional “bio-based economy system.” Interestingly however, this 
was not universally the case. Although international instability was seen as effec-
tively impossible to control, policy on habitat regulations was seen by some stake-
holders as controllable or manageable. Flood risk, the third external driver, was 
seen as being of medium controllability by the majority. More in-depth discussion 
revealed that this was because the risk could be mitigated by straightforward land 
management or infrastructure changes, some of which fell within the agency of 
local institutions or organizations. These differences could represent either a 
boundary issue with the mapping (that is, factors that control flood risk are not 
generally connected to the rest of the bio-based economy) or a difference in opin-
ion about the existing system’s causal structure due to the different stakeholders 
present. It is clear that viewing factors and causal structure through the lens of sys-
tem control, might well lead to a realization of numerous indirect effects on the 
focal system that require additional factors and links to be considered.  

When comparing the different control configurations, there was a gener-
ally positive and engaged reaction with stakeholders highly interested to see which 
nodes were considered crucial. There was particular interest in nodes that were 
unexpectedly found to be potentially important for network control, such as by-
products and knowledge, and feedback that the results had challenged their think-
ing about system function. However, stakeholders also found it difficult to under-



 

 

stand the differences between the various control configurations and why particu-
lar nodes were seen as control factors. This, of course, has no easy answer as giv-
en the nature of the complex system structure it is not usually immediately obvi-
ous why one given factor rather than another is a control node (excluding the 
straightforwardly explainable driver nodes). It would be helpful to develop further 
intuitive “hooks” to aid understanding, but ultimately this is a problem for any 
complex system analysis. 

 
8.4.2 Who is the Appropriate Audience? 
 

Many participants felt that the method seemed most appropriate to actors 
perceived to be more powerful—national policy makers for example. This is per-
haps inevitable given that factors that are structurally system drivers must always 
be control nodes. As discussed above however, drivers were not universally seen 
as being hard to control and apart from driver nodes, several configurations con-
tained only nodes that the groups had labeled as of easy or medium controllability. 
It may well be important in future iterations of this exercise to explicitly ask 
stakeholders for controllability scores from their own perspectives or to consider 
more extensively which actors control which factors more easily depending on the 
purpose of the exercise. Despite this however, the exercise was seen by stakehold-
ers to be useful as a risk-analysis tool for business. Determining control nodes 
gives an indication of potential vulnerabilities within the system. If a control node 
or configuration is known to be subject to external or internal shocks and stresses, 
then the whole system may be driven in an unexpected direction by change in this 
node. This may provide an indication of areas or interactions against which com-
panies should consider buffering themselves. Ultimately, we might consider ex-
tending this methodology to answer questions about how the network could be 
rewired to reduce such vulnerability. Or, in a similar vein, to consider how the 
network would need to be restructured to better match what is controllable from a 
given actor’s point of view with what constitutes an effective control node.  

Domains of influence of different types of stakeholders clearly make a 
large difference to results. Some felt that the exercise would be more effective 
with groups of stakeholders of one type giving their input, with a subsequent con-
solidation across a broad range of views. Others mentioned the value of being ex-
posed to different perspectives and it was clear that learning took place about how 
individuals in different types of organizations operated. Ultimately, the structure 
of the group would depend on its purpose. For a broad regional collaborative ef-
fort, stakeholders from different types of organizations would be more appropri-
ate. An in-house activity for a particular type of organization might wish to dis-
cuss only what was controllable from their perspective and not require a range of 
external views. In terms of policy making however, the learning and discussion 
about controllability of different nodes from different perspectives might prove 
extremely useful in effective policy design. It is likely to be more effective to in-
centivize industry to manipulate a factor that is easily controllable for them for ex-
ample. 

 



 

 

 
8.4.3 Methodological Limitations and Further Work 
 

There are several fundamental limitations of this approach. The first is 
shared by any method of FCM analysis, namely the sensitivity of the output to 
changes in map structure. When performing a cognitive mapping exercise we are 
of course recording the ideas of a particular group of stakeholders about how their 
system works. The map will be only one of numerous possible framings of the 
system, strongly dependent on the experience, bias, and perspectives of the indi-
viduals present in any given session. The changes in structure of the map that 
would be expected from different stakeholder groups, workshops, or map itera-
tions could have a strong impact on which factors are calculated to be control 
nodes. To progress this method it will be important to perform a robustness analy-
sis to allow a greater understanding of the extent of this effect. Even more im-
portant however, is to manage stakeholder expectations to make it clear that the 
control nodes technique is a thinking tool and that the product of this analysis is a 
way to focus further ideas on systems management, prompt evaluation of the con-
clusions, and provoke further exploration.  

The second limitation of control nodes methodology in particular is 
that—even assuming that our map is an accurate representation of system causal 
structure—while the algorithm can calculate the nodes that must be controlled in 
order to drive the system to any given state, it gives no indication of how these 
nodes should be controlled to achieve a particular goal. That is, even if we are able 
to develop means to control these nodes, we would not know in which direction to 
steer them. This again, highlights the method’s role as a thinking tool and a start-
ing point for further investigation and modeling work rather than as the end point 
of a decision-making process about management options. 

 
 
8.5 Conclusions 
 

Returning to the two uses of participatory modeling described by Voinov 
and Bousquet (2010)—first as a tool for collaborative learning and developing 
stakeholders’ knowledge and understanding, and secondly to support system man-
agement and decision-making—we believe our method helps bridge the gap be-
tween both uses in FCM processes.. FCM as used in participatory modeling has 
thus far been principally applied to support the first objective by providing a basis 
for discussion/thinking with no direct guidance for decision-making (although, see 
for example Ozesmi and Ozesmi 2004, for an exception). However, if the aim of 
our process is steering a system, this constitutes only half of the work that must be 
done. At the end of the process we have a complex network of factors ranked by a 
particular mapping function, but no direct idea of what this might mean for the 
governance of, or decision-making in, the system. 

The control node methodology attempts to resolve this. It synthesizes 
network analysis and stakeholders’ judgment and reduces the complexity of the 
system to a small set of cognitively manageable factors. Therefore, it becomes 



 

 

possible to provide several different reduced sets of factors on which the stake-
holders should target their efforts if they wish to maximize the effectiveness of 
their decision-making. Further work exploring the intersection between different 
stakeholders’ perceptions of controllability and the influence that particular factors 
actually have in a given causal structure could provide more nuanced and targeted 
tools.  

As explicitly discussed in Section 8.1.3, we consider the best use of this 
tool to be as part of an adaptive management process. In particular, as part of an 
additional step before the design of management plans that is focused on princi-
pled ways of finding effective system interventions. As such, the tool would be 
embedded in a cyclic process in which we treat our plans for intervention as hy-
potheses and their implementations as experiments to be monitored and learned 
from. It is to be expected that as the result of this learning we would revisit not 
just our management plans, but also our models as our understanding of the sys-
tem is deepened by interaction with it. 
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