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Bayesian networks, fuzzy cognitive maps

Connections to other chapters
Fuzzy cognitive maps can be combined with scenario studies (see Chapter 11), and Bayesian
networks are based on simple network models (see Chapter 23).

Introduction
The term ‘expert model’ refers to a computer-based model that can mimic (or outperform)
the decisions of a human expert (Jackson 1998). Given the broad nature of this definition, the
variety of models that could be classified as ‘expert’ is substantial. In this chapter, we choose
to focus on just two expert methods routinely used in understanding social-ecological systems
(SES): Bayesian networks (also referred to as Bayesian belief networks, decision networks) and
fuzzy cognitive maps. These two modelling approaches represent two conceptually and practically different ways to develop and apply expert models. At the more applied level, this class of
models contributes to the growing toolbox of knowledge co-production methods, which allow
the formalisation of stakeholder-generated knowledge as structured representations of complex
systems. At the more conceptual level, this class of models belongs to the field of artificial intelligence (AI) and essentially uses inference techniques to process an explicit knowledge base to
deduce novel information and increase our understanding of the complex system under study.
Note that expert models are a broad category of very flexible tools and methods that are applied
in all scientific disciplines. The use of fuzzy cognitive maps, for example, has been reported in
close to 20 000 scientific papers ranging from computer science, to medicine, to economics.
The justification for applying expert models in SES analysis is that these models allow
researchers to understand the structure and dynamics of complex systems. Overall, the inherent complexity of these systems, which consist of multifaceted interactions between system
elements, is difficult to understand without modelling tools. More specifically, diverse SES
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SUMMARY TABLE: EXPERT MODELLING
DISCIPLINARY BACKGROUND

The methods in this chapter are derived
from or have most commonly been used in:
Mathematics, Statistics, Ecology,
Social Science

RESEARCH APPROACH

The methods in this chapter originate
from or most commonly adopt the
following research approaches:
• Analytical/objective
• Interpretive/subjective
TEMPORAL DIMENSION

The methods in this chapter are most
commonly applied to the following
temporal dimensions:
• Present (typically within the last
5–10 years)
• Recent past (post-1700s)
• Future
SPATIAL DIMENSION

The methods in this chapter are primarily
either or both:
• Non-spatial
• Explicitly spatial
The methods in this chapter are most
commonly applied at the following
spatial scales:
• Local
• Regional (provincial/state
to continental)
• Multiple places/sites around the world
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KNOWLEDGE TYPE

The methods in this chapter are primarily
used to generate the following types of
knowledge:
• Descriptive
• Exploratory
• Explanatory
PURPOSE OF METHOD

The most common purposes of using the
methods in this chapter are:
• System understanding
• Stakeholder engagement and
co-production
• Policy/decision support
SYSTEMIC FEATURES AND PROCESSES

While most methods can do many
things, the methods in this chapter are
particularly good (i.e. go-to methods) for
addressing the following:
• SES components and linkages
• Social-ecological dependence and
impact
• Multiple scales and levels or crosslevel interactions
• Regime shifts
• Evaluating policy options
• Exploring uncertainty
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stakeholders, decision-makers and even scientists have fundamentally different perceptions of
how these systems are structured. This disagreement and related miscommunication call for
tools that can help our understanding while articulating and mapping these different perceptions. Expert models can help to both understand the complexity of systems and uncover the
multiple perceptions of their functionality. Utilising conceptual understanding of the system,
the starting point of expert models (Bayesian networks, fuzzy cognitive maps) is commonly
cognitive maps, usually represented in the special form of semi-quantitative cognitive maps.
These maps, constructed by individual experts or groups of experts (both local and scientific
experts), are often used to represent a system of interacting elements visually. In this way both
simple and more complex systems can be communicated through visuals with a fair degree of
transparency of model assumptions and model structure while allowing for direct input from
stakeholders on key relationships of SES.
Although expert models have only recently been applied to understanding SES, the background mathematical concepts that underlie these approaches have been around much longer. In fact, while expert models are now often squarely in the realm of AI and computer
science, more basic mechanisms and formulations that allow them to work were developed
before computers were commonplace. Bayesian inference, which is the fundamental construct behind Bayesian networks, was for example developed by Thomas Bayes in 1763 and
then further developed by Judea Pearl (1982) with graphical models. These developments
enabled the mathematical treatment of how one parameter relates to another (conditional
inference), particularly when these correlations are connected across a network containing
many parameters. The calculated probabilities across this network can be used to predict the
probability of one event based on another.
Similarly, including probability and set theory in cognitive maps (Axelrod 1976) was
advanced by Bart Kosko (1986) to create fuzzy cognitive maps. In the paper by Kosko, fuzzy
cognitive maps are introduced as maps to employ a fuzzy or uncertain description of the causal
link between two events. This uncertainty is embedded in a network of influential parameters so that the overall calculation of the causal probability can propagate across the network.
Subsequent applications (Van Vliet, Kok and Veldkamp, 2010; Verkerk et al. 2017; Van der
Sluis et al. 2018) included a fundamentally different use of fuzzy cognitive maps as influence
diagrams, with relationships representing the strength rather than the (un)certainty of a connection. Although this is formally a misinterpretation, this type of application is rapidly gaining
importance and acceptance among practitioners (see Helfgott et al. 2015). Likewise, the use of
directed and signed digraphs (networks with directional edges that have values of ±1) that are
the basis of matrix expert modelling techniques like causal loop diagrams to represent systems
of cause-and-effect relationships dates back to Sewall Wright in 1918. Although the use of
fuzzy cognitive maps in SES research is relatively new, it is expanding quickly.
The high level of computational requirements for these expert models delayed their common use and restricted the early applications to relatively simple systems. However, modern
computing power combined with expanded data libraries and software that emerged over
the last decade has enabled the expansion of expert modelling techniques into complex SES
(Schlüter et al. 2012).

SES problems and questions
The inherent complexity of SES makes their behaviour difficult to understand or predict.
Modelling tools are indispensable to structure and unravel the complex relationships and
therefore increase understanding of the system’s behaviour. Complexity furthermore gives
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rise to multiple interpretations and perceptions of how the system works. Expert models
are particularly suitable to map out, analyse and compare differences in the perceptions of
experts and other stakeholders. It is particularly the combination of understanding system
structure and feedback loops and engaging with stakeholders that make expert models an
exceptionally strong tool when analysing SES. Key questions include:
•

•

What are different perceptions of key stakeholders? (e.g. understanding the role of landuse intensification in stopping deforestation (Kok 2009), understanding the bushmeat
trade based solely on perceived knowledge of stakeholders and combining empirical data
with expert knowledge (Htun et al. 2016))
What are crucial feedbacks in the system? (e.g. understanding how greenhouse gas mitigation and altered hunting practices can increase polar bear persistence (Amstrup et al. 2010),
describing the relationship of fish species to financial priorities (Kininmonth et al. 2017))

The particular strength of expert models is the ability to both facilitate fundamental scientific
understanding and provide more applied science decision support. These models can be used
for initial explorations as well as in-depth analytical assessments, particularly in the realm of
using the understanding between system structure and function to support decision-making
(Marcot et al. 2006). Unlike many classic statistical approaches, these models can incorporate qualitative and quantitative data types within an interactive framework. This capacity
to include empirical and expert-derived data into a comprehensible modelling framework
makes the application to SES highly attractive. The transparent nature (being able to see all
the components) of the models ensures that stakeholders can gain more confidence in the
model outputs while contributing to the model design (Gray et al. 2018). The application
to social-ecological models has been hindered only by the access to empirical data that is
temporally and spatially relevant to both the ecological and the social domains. However,
once sufficient confidence is gained by the analyst in the parameterisation of the models, the
generation of projections with estimated levels of certainty is attractive to solve the ‘wicked’
SES problems ( Jentoft and Chuenpagdee 2009).
A particularly useful application of expert models in disentangling SES systems is estimating
the impact of scenarios. This allows for extending the understanding of current system perceptions to future configurations and the related impact of external drivers such as climate change
or technology development (Jetter and Kok 2014). It also strengthens the link with quantitative
models and the comparison with formalised scientific system descriptions in these models (Kok
2009). This capacity to explore the changes in the system can enable the understanding of resilience (Gray et al. 2015) without the constraining simplification of linear models.

Brief description of key methods
Fuzzy cognitive maps are cognitive maps that structure the opinion of individuals or groups
of people, allowing the relationships between factors to be fuzzy, thus calculating the degree
of certainty stakeholders have. In particular, the application of fuzzy cognitive maps as influence diagrams has recently gained popularity. In this capacity, system descriptions can be
combined with scenario studies (see Chapter 11). Bayesian networks are a method to combine
the correlation probability between elements in a system using the simplicity of a network
model (see Chapter 23). Hence the calculation of how one element relates to another using
Bayes theory is restrained to the network connections. Table 16.1 presents a summary of key
methods used in expert modelling.
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Table 16.1 Summary of key methods used in expert modelling
Method

Description

References

Bayesian
networks

A Bayesian network (BN) (or Bayesian belief
network) is the probabilistic graphical model that
represents a set of variables and their conditional
probability with the use of a directed acyclic graph.
In essence, the lines in the network represent the
correlations between the system elements and are
calculated using Bayes theory. Propagating the
correlations across a large number of elements can
be unwieldy and the network restrains the number
of calculations.

Key introductory texts
Marcot 2006;
Rumpff et al. 2011;
Scurati and Denis 2014

Dynamic Bayesian networks have temporal
capacity by linking a time sequence within a
probabilistic graphical model. Each time period
has a model of the correlations between elements.
The models then link to replicates of the model in
each time step. The additional complexity of the
temporal linkages restricts the individual model
complexity simply due to the difficulties
in parameterisation.

Key introductory texts
Dean and Kanazawa 1989;
Murphy 2002

Fuzzy cognitive mapping (FCM) is a graphical
representation of a belief system comprising
factors and semi-quantified relationships, with the
capacity to examine a variety of scenarios.

Key introductory texts
Kosko 1986;
Özesmi and Özesmi 2004

Dynamic
Bayesian
networks

Fuzzy cognitive
mapping

Applications to SES
Stelzenmüller et al. 2010;
Kininmonth et al. 2014;
Gonzalez-Redin et al. 2016;
Kininmonth et al. 2017

Applications to SES
Pope and Gimblett 2017

Applications to SES
Kok 2009;
Penn et al. 2013;
Diniz et al. 2015;
Gray et al. 2015

Limitations
The expert models described here are based on correlations between variables elicited
through stakeholder consultation and/or expert design that are perceptual. Resulting system
descriptions, therefore, need to be interpreted with caution as they rely on people’s perceptions
rather than process-based information. This linkage from correlation to causality is particularly perilous when machine learning of the model structure is used. This is because machine
learning is based on data (often observed) without any knowledge of process (such as ecological
principles), data-collection bias and expert opinion. An additional issue is the application of
logical inference over time (see Chapter 27). If one event has an influence on a second event,
then the backward inference has to be handled with care as circular arguments through time
are often illogical. This is even more dangerous with fuzzy cognitive maps, as ‘time’ is inadequately defined. If agricultural yield increases, for example, then the area under that crop will
increase (due to perceived benefits of that crop by other farmers). In turn, this will lead to an
increase in overall yield within the model, without acknowledging the time steps.
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Case study 16.1: Fishers and traders at Lake Nabugabo, Uganda
In the small lake of Nabugabo, situated close to Lake Victoria, Ugandan fishers collect
a small variety of fish species to sell to markets or fish traders (Kininmonth et al. 2017).
This case study provides us with an opportunity to understand the cross-scale nature
of trading and extraction for an open-access resource. Using Bayesian networks, the
microeconomic influences on resource use can be described. Collecting the data was a
core activity in this modelling exercise and involved being in the community for extended periods, speaking to fishers and traders about their activities and perceptions. To
capture this information in a consistent manner, we used structured interview surveys
supplemented with fish-catch observations. These data were a diverse mix of categorical, ordinal and count types and formed the basis of the conceptual model of the fishers
and the traders.
The models were used to explore different scenarios of fish-trading styles. While
the focus was primarily on the harvest of Nile perch (Lates niloticus) and Nile tilapia
(Oreochromis niloticus), the study also collected data on financial, social and ecological
dynamics to disentangle the patron–client relationships between traders and fishers.
These data ranged from species caught and targeted to the techniques used and the
commercial transactions conducted (Figure 16.1). The trading preferences for each
fisher and trader were collated and based in a graph theoretical framework where different strategies were observed. Critically, the surveys identified community members
who formed the trading relationships.
The results of the study found that if the fishers were incentivised to exchange fish
with just one trader (‘patron–client’) then specific fish species were targeted. If the fisher
was able to trade freely (‘freelancer’) then they were able to create a responsive and flexible extraction practice that matched the market and environmental fluctuations. The use
of Bayesian networks enabled a disparate set of data types (from species type, hours spent
fishing, to binary yes/no: see Figure 16.1) to be integrated into a quantitative model that
could evaluate various scenarios for natural resource extraction.
The model incorporated a diverse and comprehensive parameter set that described
the microeconomics of the local fishers at Lake Nabugabo. Scenarios enable the discussion of the effectiveness for management strategies with scope to continue to grow
the model with more data (Kleemann et al. 2017).
Figure 16.1 shows the marginal probabilities from the scenario (Kininmonth et al.
2017). Each box in the figure is a system variable that is correlated with a small number
of other variables. The arrows highlight the direction of the influence from a Bayesian
theory perspective. The rows in the box show the various classes used to group the
data while the bars are the frequency of the class. The marginal probability (i.e. no
specific case in mind) for the variable ‘Gear’ shows that ‘Gillnet’ equipment is used
53.7% of the time, for example.
The success of projects of this nature depends on the quality of the data collected.
The range of respondents needs to be comprehensive for the given set of scenarios and
the factors being utilised in the model. In this case, although women were underrepresented in the surveys, partly as a function of their limited role in the physical act
of fishing and trading, the central question about microeconomic influences on fishing
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practices does involve women in a variety of roles. Another area of omission is the
role of allied industries such as boat construction and repair, and hospitality. Seeking
data that can illustrate the linkages across the broader community is useful for socialecological models such as these.

FISHING STYLE
Passive 86.3
Active 13.7
1.14 ± 0.34

FREELANCER
Yes 23.1
No 76.9

AGREEMENT TYPE
Must
7.63
Guarantees 47.8
Fixed price 1.92
Fuel and bait 4.01
Owner
11.2
Other
10.3
No agreement 17.1
3.63 ± 2.1

DIGGING
0
91.6
0 to 50 0+
50
8.41
4.21 ± 14

BUILDING
0
95.4
0 to 50 0+
50
4.59
2.3 ± 10

OPERATION
Alone 85.5
Crew 14.5
1.14 ± 0.35

GEAR
Gillnet
53.7
Hook
29.1
Mukene net
10.3
Beach seine net 5.87
1.7 ± 0.91

WHY CERTAIN SPECIES
Value
32.5
Abundance 14.0
Available 5.97
Market
16.4
Gear
8.21
Other
22.9
3.23 ± 2

FISHED FOR TRADER
TO BUY
0 to 75
23.6
75
43.6
75 to 100 32.8
70.2 ± 22

PRIMARY FISH SPECIES
NP 60.1
T
31.7
H
4.11
Mu 2.92
Ma 0.82
Sch 0+
Ot 0.40

Figure 16.1

SECONDARY FISH SPECIES
NP 21.8
T
39.7
H
1.85
Mu 0.78
Ma 6.83
Sch 0.81
Ot 28.2

FISHING
10 to 50 25.7
50
49.1
50 to 100 25.2
51.2 ± 19

FISHED FOR HOUSE
CONSUMPTION
0
20.2
0 to 25
26.9
25 to 100 52.9
36.4 ± 32

TIME SPENT ON T
0 to 4 38.5
4 to 8 16.7
8 to 24 44.8
8.94 ± 7.3

FARMING
0
20.2
0 to 50 16.6
50 to 90 63.2
48.4 ± 31

FISHED FOR
OTHER REASONS
0
72.0
0 to 80
20.5
80 to 100 7.49
14.9 ± 29

TIME SPENT ON NP
0 to 6 37.2
6 to 8 10.7
8 to 24 52.1
10.2 ± 7.1

Bayesian network of the fisher responses to the questionnaires
(Kininmonth et al. 2017)
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The methods are also limited by the scope of either the input data or the cognitive mapping
derivation. Evaluation and reflective processes are required at all stages to ensure that the models do not deviate from the accepted wisdom of the operators. This constraint of developing
an expert model by contemporary thinking yet still being able to deduce emergent new ideas
causes continuous tension. Other limitations for specific methods include a lack of feedback
loops for Bayesian networks and a lack of explicit time units for fuzzy cognitive maps. In addition, the central limiting constraint for all expert models is based on obtaining data that cover
both social and ecological aspects within a logically coherent time frame and spatial scale. Often
the temporal and spatial scales of a social system are different to the key components of an ecological system, and the models need to reflect these assumptions embedded in the deductions.

Resource implications
The use of expert models requires a modern application of hardware and software that demands advanced skills in both theory and technical implementation. Due to the popularity
of expert models over the last few decades, there is a wealth of software to use. This includes
graphical user interface (GUI) programs like Netica (Norsys Software Corp), Bayes Fusion,
Banjo, BUGS, Dlib, FBN, JavaBayes, SMILE and UnBBayes. In addition, scripting exists
in all major languages but particularly in higher-level languages such as R and Python with
packages bnlearn, gRain, abn, catnet and FCMapper.
With new web-enabled technologies, more easy-to-use modelling tools have recently
been developed, with some specifically designed for modelling based on diverse expert knowledge. These tools are freely available on the web. Mental Modeler (Gray et al. 2013), for example, has been applied in many participatory SES modelling contexts with both local and
scientific experts. These contexts range from fisheries management and agricultural planning
to understanding the bushmeat trade. Inputs were based solely on perceived knowledge of
stakeholders and combining empirical data with expert knowledge to understand the range
of possible futures for endangered wildlife under climate change scenarios (Htun et al. 2016).
As ‘running’ fuzzy cognitive maps relies on rather simple matrix algebra, they can also be
developed using a simple Excel spreadsheet. Although this limits flexibility somewhat, it can
convince local partners that it really is easy to use and apply.

New directions
Fuzzy cognitive maps are very strong in describing a system of factors and sectors, but rather
weak in representing actors. A very promising way forward is the combination of fuzzy cognitive maps and agent-based models (see Chapter 28), which would allow for actor-specific
system descriptions.
The weakest point of fuzzy cognitive maps, the representation of temporal and spatial
scales, could be improved by linking them to spatially explicit models, either directly or
through the use of scenarios. Scenarios, and particularly future narratives or normative strategies, often remain qualitative and based on current systems understanding. Methods to
construct fuzzy cognitive maps of future systems perceptions are underdeveloped and could
play a role, e.g. in today’s discussions of societal transformation to meet the goal of limiting
global warming to 1.5 °C.
The exciting development in this field is the accumulation of data that are specifically captured to address strategic questions. These data can be used to develop more powerful expert
models since the parameterisation process is significantly more precise. The model design and
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style are continually evolving with exciting developments in the use of machine learning to
disentangle patterns in data. However, the imperative to understand complex behaviour of
SES, including predicting tipping points and understanding disturbance events, continues to
demand additional modelling and data-collection techniques.
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