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ABSTRACT

Understanding complex socio-economic systems is a key problem for commercial organizations.
In this chapter we discuss the use of agent-based modelling to produce decision support tools
to enhance this understanding. We consider the important aspects of the model creation
process which include the facilitation of dialogue necessary to extract knowledge, the
building of understanding, and the identification of model limitations. It is these aspects that
are crucial in the establishment of trust in a model. We use the example of modelling opinion
diffusion within a customer population and its effect on product adoption to illustrate how the
agent-based modelling technique can be an ideal tool to create models of complex socioeconomic
systems. We consider the advantages compared to alternative, more conventional approaches
available to analysts and management decision makers.

WHAT IS THE PURPOSE
OF A MODEL?

“The best material model of a cat is another, or
preferably the same, cat” (Norbert Wiener,
Philosophy of Science, 1945).

Models in business are tools used to gain
insight and understanding of a real system
relevant to the business, and aid appropriate
decision making.

Most often, businesses must understand
complex socio-economic systems such as the
economic environment in which they operate,
the social and organisational systems that make
up their operations, and the customers they
serve. It is unusual for any model to be totally
predictive, and obviously the definition of com-
plete prediction is itself subjective. Socio-eco-
nomic systems present additional problems.
There are often problems in defining a model;
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also measuring quantities in the real system,
which correspond to input and output param-
eters in the model, can be very difficult. Addi-
tionally these systems are often non-linear,
dynamic, and subject to stochastic influences.

An element of prediction is clearly impor-
tant, however what is paramount is that the
model should give useful understanding.

WHAT IT MEANS
TO BE USEFUL?

All modelling techniques necessarily involve
some degree of abstraction. There are simplifi-
cations of the processes described by the model,
as well as simplifications due to the necessary
drawing of boundaries in the modelling space.
There may be limitations in the language used to
describe the processes in the model, or restric-
tions on thinking due to the blinkered adherence
to specific intellectual norms. There may be
limits on the knowledge of the problem due to
finite human cognitive ability or lack of accu-
rate data on the system under study.

These sorts of limitations are common to all
forms of representation of ideas or concepts,
whether the ideas are in art, literature, or
science. To be useful, these representations
must effectively persuade and communicate
the ideas to others. In modelling there can be an
additional dimension to the representation pro-
cess. The process of the creation of the repre-
sentation can and should involve the user of the
model. An effective model is a tool that facili-
tates dialogue and the generation of under-
standing in the minds of the users of the model.
The construction of the model should lay down
the knowledge of the system held by the user,
and act as a tool to explore the extent and
precision of that understanding. It is a process
of converting tacit internal mental models to
overt models that can be challenged and dis-

cussed. The modelling process should also re-
veal the assumptions that are made and any of
the limitations outlined above.

THE USE OF COMPLEXITY
APPROACHES IN MODELLING

Socio-economic systems are inherently com-
plex. They are characterised by interactions.
The form and outcome of these interactions
can vary in quantity and sophistication. There
are a number of different analytical techniques
that could be applied to understand these sorts
of systems. Where there are small numbers of
participants, game theory can provide useful
insights. This technique can represent decision
processes that range in sophistication from the
simple to the arbitrarily complex. At the other
extreme, statistical physics approaches can
provide understanding where there are large
numbers of interactions, but with low levels of
sophistication in the description of the decision
process. These two extremes are limited in
their application; they can be considered non-
complex in the sense that they represent equi-
librium solutions and there is little modification
of behaviours by the participants. Most socio-
economic systems display more complex

Figure 1. Illustration of the types of problems
that can be addressed by different analytical
techniques

Sophistication of decision process

N
um

be
r 

of
 In

te
ra

ct
io

ns

Statistical Physics

ABM

Game Theory



 

 

13 more pages are available in the full version of this document, which may

be purchased using the "Add to Cart" button on the publisher's webpage:

www.igi-global.com/chapter/complexity-based-modelling-approaches-

commercial/21169

Related Content

Using MLP Neural Networks to Detect Late Blight in Brazilian Tomato Crops
Sergio Manuel Serra Cruzand Gizelle Kupac Vianna (2015). International Journal of Natural Computing

Research (pp. 24-44).

www.irma-international.org/article/using-mlp-neural-networks-to-detect-late-blight-in-brazilian-tomato-crops/164540

Evolving Solutions for Multiobjective Problems and Hierarchical AI
Darryl Charles, Colin Fyfe, Daniel Livingstoneand Stephen McGlinchey (2008). Biologically Inspired

Artificial Intelligence for Computer Games (pp. 139-149).

www.irma-international.org/chapter/evolving-solutions-multiobjective-problems-hierarchical/5911

Identification of Essential Proteins by Detecting Topological and Functional Clusters in Protein

Interaction Network of Saccharomyces Cerevisiae
Kaustav Sengupta, Sovan Saha, Piyali Chatterjee, Mahantapas Kundu, Mita Nasipuriand Subhadip Basu

(2019). International Journal of Natural Computing Research (pp. 31-51).

www.irma-international.org/article/identification-of-essential-proteins-by-detecting-topological-and-functional-clusters-in-

protein-interaction-network-of-saccharomyces-cerevisiae/219800

P Colonies of Capacity One and Modularity
Ludk Cienciala, Lucie Ciencialováand Miroslav Langer (2014). Natural Computing for Simulation and

Knowledge Discovery (pp. 122-138).

www.irma-international.org/chapter/p-colonies-of-capacity-one-and-modularity/80060

Improving the Robustness of Odor Sensing Systems by Multivariate Signal Processing
Marta Padilla, Jordi Fonollosaand Santiago Marco (2013). Human Olfactory Displays and Interfaces: Odor

Sensing and Presentation  (pp. 296-316).

www.irma-international.org/chapter/improving-robustness-odor-sensing-systems/71930

http://www.igi-global.com/chapter/complexity-based-modelling-approaches-commercial/21169
http://www.igi-global.com/chapter/complexity-based-modelling-approaches-commercial/21169
http://www.irma-international.org/article/using-mlp-neural-networks-to-detect-late-blight-in-brazilian-tomato-crops/164540
http://www.irma-international.org/chapter/evolving-solutions-multiobjective-problems-hierarchical/5911
http://www.irma-international.org/article/identification-of-essential-proteins-by-detecting-topological-and-functional-clusters-in-protein-interaction-network-of-saccharomyces-cerevisiae/219800
http://www.irma-international.org/article/identification-of-essential-proteins-by-detecting-topological-and-functional-clusters-in-protein-interaction-network-of-saccharomyces-cerevisiae/219800
http://www.irma-international.org/chapter/p-colonies-of-capacity-one-and-modularity/80060
http://www.irma-international.org/chapter/improving-robustness-odor-sensing-systems/71930

