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ABSTRACT

Many key societal problems share a set of common
features – multiple interacting temporal and spa-
tial scales, multiple valid perspectives, changing re-
quirements and unquantifiable uncertainties. These
characteristics substantially stress our cognitive and
computational resources, limiting our capacity to ef-
fectively address these problems. We introduce an
approach for dealing with the inherent complexity
of such problems. At the core of this approach is
the notion of a multi-model ecology – an interacting
and constantly evolving system of models, datasets,
interfaces and humans tasked with enhancing the
ability of decision makers to effectively address a
complex policy problem. The multi-model ecology
approach entails the systematic fragmentation and
gradual reconstitution of a problem’s multiple com-
ponents and dimensions in an evolving participatory
context. We describe an implementation of this ap-
proach currently in progress – focused on electricity
infrastructure vulnerability to climate change – and
identify several key areas of research for developing
this approach further.

INTRODUCTION

There exists a unique class of problems character-
ized by multiple relevant temporal and spatial scales,
multiple valid perspectives, changing requirements
and unquantifiable uncertainties (hereafter referred
to as MMCU problems). Problems of this class –
including climate change adaptation, sustainability,
urban poverty, etc. – share aspects of other theo-
retical notions such as wicked problems (Churchman
1967), deep uncertainty (Lempert et al. 2003) and
post-normal science (Funtowicz and Ravetz 1993).

MMCU problems are not new and neither is the idea
of using quantitative models to address them. Still,
they continue to vex scientists and policy makers for
several reasons – interactions between different tem-
poral and spatial scales are challenging to conceptu-
alize and formally represent, multiple valid perspec-
tives are difficult to reconcile, and changing require-
ments and unquantifiable uncertainties mean that no
solution is permanent nor optimal.

In an ideal technocratic world, scientists would de-
velop all-encompassing models generating definitive
projections upon which policy and strategy decisions
could unhesitatingly be based. When it comes to
MMCU problems, however, no model can capture
more than a minute fraction of the potentially rel-
evant components and relationships – every model
is based on tenuous assumptions. Still, the model-
ing and simulation (M&S) community often treats
decision makers as rational agents operating in a
tractable environment – expecting that the right sci-
entific input will lead to the right decisions. The re-
ality is that, in dealing with MMCU problems, there
are no rational decisions – the available information
is too much, too incomplete and too uncertain.

In the wake of Lee’s criticisms of the large-scale,
monolithic policy models of the 1960s (Lee 1973), the
M&S community advanced an array of techniques
and approaches to cope with the inherent complexity
of policy problems. At the same time, the policy and
strategy communities have begun to recognize the
limitations of a purely rational and strictly evidence-
based approach to decision making (Freiberg and
Carson 2010; Nutley et al. 2003). Against the back-
ground of these developments, a pertinent question
is how the diverse approaches of the modeling and
simulation community can be brought together in a
coherent manner to more effectively address MMCU
problems. The purpose of this paper is to introduce
such an approach.

We define a multi-model ecology as an interacting
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and constantly evolving system of models, datasets,
interfaces and humans tasked with enhancing the
ability of decision makers to effectively address a
MMCU problem. The notion of multi-model ecolo-
gies builds on existing modeling and simulation ap-
proaches, including microworlds (Morecroft 1988;
Papert 1980), exploratory modeling and analysis
(Bankes 1993) and multi-resolution modeling (Davis
and Tolk 2007). Its novelty lies in the links drawn
between the the M&S process, its components and
the realities of complex policy decisions.

The next section of this paper lays the foundation
of the multi-model ecologies approach, describing re-
lated research from the M&S field as well as psychol-
ogy and policy. From this starting point, we pro-
ceed with a more extensive introduction to the multi-
model ecologies approach and highlight its applica-
bility to MMCU problems. Finally, we demonstrate
the application of this approach based on a multi-
model ecology currently in development, addressing
the issue of electricity infrastructure vulnerability to
climate change. We conclude with recommendations
for future research.

BACKGROUND AND RELATED RE-
SEARCH

The 1960s saw the advent of large-scale, mono-
lithic computer models as prescriptive policy tools.
This approach was famously criticized by Lee (1973),
who pinpointed a range of shortcomings in the large-
scale urban models of that period - hypercompren-
siveness, grossness, hungriness, wrongheadedness,
complicatedness, mechanicalness and expensiveness.
While these criticisms by no means halted the devel-
opment of large-scale models for addressing complex
policy issues, they highlighted the need for alterna-
tives to a monolithic, prescriptive approach.

Insight into possible directions for such alterna-
tives has come from subsequent scientific develop-
ments concerning the cognitive processes underlying
decision making in complex environments. Multi-
ple studies have highlighted the relevance of “non-
rational” decision strategies, particularly intuition,
in strategic decision making (Khatri and Ng 2000;
Woiceshyn 2009). Subsequent research has eluci-
dated the process behind the use of intuition in de-
cision making. Analogical reasoning, as this process
is called, involves the “mapping” of knowledge from
a source context of prior experience to a current
“target” context – a process which is restricted by
the richness of the mental models that map a deci-
sion maker’s previous experiences (Gary et al. 2012;
Gavetti et al. 2005).

This is one reason why MMCU problems pose such
an obstacle to decision makers. Effective learning

requires specific conditions – in particular, accurate
and immediate feedback between the situational con-
ditions and the appropriate response (Tversky and
Kahneman 1986). The long timeframes of many
MMCU problems and the enormity of variables in-
volved lead to a lack of feedback concerning the ef-
fectiveness of previous decisions. This leaves de-
cision makers with limited opportunity to develop
their mental models, and subsequently the intuitive
mechanisms that would allow them to make effective
decisions. Even worse, decision makers may not be
aware of this – Kahneman (2011) suggests that when
insufficient mental models exist, individuals will glee-
fully and unwittingly draw from marginally similar
experiences that do not serve as adequate guides to
the situation at hand.

In line with these findings, research in the policy
community has begun to question the assumption
that policy should always be based on a rational anal-
ysis of available evidence (Freiberg and Carson 2010).
Limitations on the rationality of decision makers
mean that the links between research, knowledge and
policy are “always likely to remain loose, shifting and
contingent” (Nutley et al. 2003). Against the back-
ground of these limitations, Sanderson (2009) recom-
mends a shift in emphasis from evidence-based policy
making to intelligent policy making – policy making
that emphasizes learning and experimentation, and
draws from “reserves of experience, intuition, tacit
knowledge and all the hidden skills and capacities
that technical rationality has relegated to obscurity”.
It is these hidden skills and capacities on the part of
decision makers that the M&S community is well-
positioned to develop.

One area of M&S that pushes in this direction is
the “microworlds” approach, first proposed by Pa-
pert (1980). This approach, originally developed for
application in managerial situations, stresses the de-
velopment of decision makers’ mental models – en-
hancing their contextual understanding and (in the-
ory) enabling them to make better strategic deci-
sions. The key advantage of the microworlds ap-
proach lies in its capacity to compress time and space
using dynamic simulation, especially system dynam-
ics.

The microworlds approach facilitates learning on
the part of decision makers by compressing time and
space. But it does not explicitly address the chal-
lenges of problem situations that cannot be neatly
captured within a single, unified representation of
reality – e.g. problems spanning multiple scales of
time, space and organization, and problems charac-
terized by multiple valid conceptualizations of real-
ity. Beginning with the work of (Oeren 1991), the
modeling and simulation community has begun to



address this topic under the banners of multisim-
ulation and multi-perspective, multi-resolution and
multi-aspect modeling (Tekinay et al. 2010; Yilmaz
et al. 2007). Such approaches entail the modular rep-
resentation of systems within a set of interoperable
models that capture reality from multiple angles and
at multiple levels of fidelity.

Where multisimulation and multi-perspective/-
resolution/-aspect modeling enable capturing reality
from multiple angles, the technique of exploratory
modeling and analysis (EMA) is used to explore the
assumptions space of a model. The aim of EMA is to
facilitate the identification of robust policy options –
options which perform well across a range of possible
futures – or hedging strategies – strategies to pre-
vent the most adverse consequences (Lempert et al.
2004). In theory, the combination of EMA with, for
instance, multi-resolution modeling can allow for the
exploration of both parametric and structural uncer-
tainties (Davis and Tolk 2007) – helping to provide
decision makers with a holistic understanding of the
consequences of the uncertainties associated with a
problem.

As the paragraphs above have demonstrated, the
M&S community has developed a number of tech-
niques – e.g. microworlds, multisimulation and EMA
- that address shortcomings of a monolithic, prescrip-
tive approach to using models to address complex
policy problems. In the following sections, we dis-
cuss how aspects of these techniques can be brought
together in the context of a coherent approach to
address MMCU problems.

MULTI-MODEL ECOLOGIES

A multi-model ecology is an interacting and con-
stantly evolving system of models, datasets, inter-
faces and humans tasked with enhancing the ability
of decision makers to effectively address a MMCU
problem. The multi-model ecology approach entails
the systematic fragmentation and gradual reconsti-
tution of a problem’s multiple components and di-
mensions in an evolving participatory context. This
approach is particularly suited to addressing MMCU
problems for several reasons.

1. Multi-model ecologies facilitate the cap-
ture of multiple system levels, multiple
timescales and multiple perspectives.

Models in a multi-model ecology are constructed
with different scopes, resolutions and perspectives.
Independently, each model provides a partial pic-
ture of the components and relationships underly-
ing the problem at hand. Together, they provide a
multi-dimensionsional representation of the relevant
system(s). Drawing hints from the fields of multi-

simulation and multi-perspective/resolution/aspect
modeling, models in a multi-model ecology are not
independent entities, but modules in a larger whole.
Each of these models/modules has a clearly defined
scope, purpose, resolution and set of inputs/outputs,
and rests on a particular set of assumptions.

As illustrated by the schematic in Figure 1, mod-
els in a multi-model ecology may interact with one
another, with human decision makers, with datasets
or with several of the above. Models may dynami-
cally link with one another during runtime, or more
statically in sequence. They may also be completely
independent of other models in the ecology, receiv-
ing input from datasets or interfaces, and generating
output to other datasets or interfaces. Datasets in
a multi-model ecology store both the data inputs to
models as well as the data outputs. They may link
with models or with interfaces, allowing them to be
directly viewed by human decision makers or pro-
cessed into other forms. Interfaces are the links be-
tween models or datasets and the mental models of
human decision makers. The key aspect of models,
datasets and interfaces in multi-model ecologies is
their flexible relationship with other entities. Taking
a hint from the role of programs in the GNU/Linux
operating system (Gancarz 2003), entities in a multi-
model ecology can be seen as “filters” for processing
and transforming data, and can be linked with other
filters in different ways to serve different purposes.
The aim in such cases is not “pure composability”
(Davis and Tolk 2007) – strict plug-and-play capa-
bility – but the cultivation of a set of resources that
can be configured and reconfigured to interact with
one another in different ways, whether statically, dy-
namically, directly or indirectly.

The human components of a multi-model ecology
include decision makers, domain experts and devel-
opers. Developers are the programmers and software
engineers behind the implementation of models and
the maintenance of datasets. Experts are the holders
of specialized domain knowledge, essential in con-
structing models and datasets, and evaluating their
validity. Decision makers are the ultimate users of
the ecology. Involved individuals may at times wear
different hats, depending on their relevant expertise
– e.g. a developer or decision maker knowledgeable
in domain aspects may at time play the role of do-
main expert.

2. Multi-model ecologies support system-
atic and comprehensive exploration of the as-
sumptions space.

Each of the components in a multi-model ecology
rests on a bed of assumptions. The assumptions
underlying a model are determined by the concep-



Figure 1: Schematic of a hypothetical multi-model
ecology, including models, datasets, interfaces and
human decision makers. An encircled “A” refers to
the assumptions associated with a component. Do-
main experts and developers are excluded from the
schematic.

tualization of the system being represented, by the
scope and fidelity of the model and by the model-
ing technique being employed. Models based on es-
tablished theory – such as many physical systems
models – may rest on a solid foundation of generally
accepted assumptions, whereas models based on less
established theory and/or participative processes –
e.g. many models of social systems – may sit on an
array of tenuous and subjective assumptions. The
datasets and interfaces in a multi-model ecology also
rest on assumptions. The assumptions underlying a
dataset may have to do with the manner in which
the data was collected – via questionnaires, direct
observation, etc. – or with the assumptions of the
model from which the data was generated. The as-
sumptions underlying an interface have to do with
the way data is presented to human users and the
manner in which users are able to interact with data
and models.

Assumptions are an inevitable part of the com-
ponents of a multi-model ecology, essential rem-
nants of abstraction and simplification processes.
Most important in a multi-model ecology approach
is that these assumptions are clearly tracked and
documented. Drawing from exploratory modeling
and analysis, vigilant tracking of assumptions opens
up possibilities for deliberate and systematic explo-
ration of the assumptions space underlying a par-
ticular configuration of models, datasets and inter-
faces. Interface tools such as the EMA workbench
(Kwakkel 2012) can help to translate the results of

this exploration into a form readily understandable
to decision makers, helping them to comprehend the
consequences of different sets of assumptions, includ-
ing both parametric and structural uncertainties.

3. Multi-model ecologies foster the develop-
ment of rich mental models on the part of
decision makers.

The ultimate purpose of a multi-model ecology is
to facilitate learning on the part of decision makers –
to enhance the mental models that serve as a basis for
policy decisions. Research has shown that processes
of analogical transfer may be enhanced by support-
ing the ability of decision makers to explore multi-
ple variations of a problem situation, and allowing
them the possibility to systematically test hypothe-
ses (Gary et al. 2012). The structure of a multi-
model ecology – the presence of multiple, flexibly
interlinked models, datasets and interfaces – facili-
tates this by exposing decision makers to numerous
variations of the problem situation. Learning on the
part of decision makers may come from systematic
interaction with interfaces, but it may also emerge
from interactions with domain experts and develop-
ers in the context of participatory model develop-
ment processes, which can help to surface the tacit
assumptions of decision makers. These assumptions
can then be incorporated into one or more models
in the ecology, allowing their consequences to be ex-
plored and compared with alternative sets of assump-
tions.

4. Multi-model ecologies evolve as knowledge
of the problem and the needs of decision mak-
ers change.

A multi-model ecology is not designed from the
top down, but emerges over time as a consequence
of interactions between decision makers, experts and
developers. Its development is ultimately driven by
the changing needs of involved decision makers. At
times, it may also be spurred by the exploratory ef-
forts of domain experts and developers seeking to
incorporate new knowledge and come to terms with
various approaches to capturing the relevant aspects
of the problem. Different models, datasets and in-
terfaces within an ecology may develop at different
rates and according to different methodologies. Some
models may be developed using participatory ap-
proaches, allowing decision makers to heavily influ-
ence the assumptions underlying the model’s struc-
ture. Others may be implemented chiefly by ex-
perts and developers, with the underlying assump-
tions based on established theory. Still others may
be adopted or adapated from external sources. As
a result of the development of new models, datasets



and interfaces, and the maturation and obsolescence
of existing ones, the composition of a multi-model
ecology changes gradually over time, driven both by
the changing requirements of the problem and the
availability of new knowledge.

A MULTI-MODEL ECOLOGY IN DEVEL-
OPMENT

This section introduces a multi-model ecology cur-
rently in development. The MMCU problem ad-
dressed by this ecology is the vulnerability of elec-
tricity infrastructures to climate change. Climate
change is anticipated to have a variety of impacts
on electricity infrastructures (Rothstein et al. 2008).
By affecting the range of environmental conditions
under which these infrastructures must operate, and
the frequency with which extreme conditions may oc-
cur, climate change poses multiple threats to these
systems, from a gradual degradation of their in-
tegrity to sudden and catastrophic blackouts. The
problem of electricity infrastructure vulnerability to
climate change is characterized by several aspects
that categorize it as a MMCU problem: (1) the elec-
tricity infrastructure spans multiple organizational
and geographic scales; (2) climate change plays out
over decades, while weather-induced disturbances
may unfold over a period of hours, minutes or even
seconds; and (3) Climate change is characterized by
unquantifiable uncertainties, and multiple perspec-
tives exist concerning e.g. the dynamics underlying
the long-term development of the electricity infras-
tructure.

Given the decision-makers involved, the current
geographic focus of this multi-model ecology is the
Netherlands. Amongst these actors, there is a deficit
of knowledge concerning the severity of this prob-
lem and the necessity of actions to address it. The
purpose of the ecology is not to prescribe immedi-
ate actions on the part of decision makers, but to
enhance their mental models in a manner that can
enable them to better incorporate this threat into
their decisions.

Composition and evolution of the ecology

Driven by the needs of decision makers, the first
task in developing the multi-model ecology was to
capture key relationships between weather variables
and components of the electricity infrastructure in
an initial model of weather-infrastructure interac-
tions (item 1 in Figure 2) – based on a combina-
tion of known physical relationships (e.g. between
power line resistivity and temperature) and statisti-
cally identified relationships (e.g. between weather
variables and electricity demand (Hekkenberg et al.
2009)). A preliminary version of this model has been

implemented in the numerical simulation environ-
ment MATLAB.

Given the focus of involved decision makers at
the level of the national transmission network, this
model was then linked with a preliminary dataset of
the components of the Dutch transmission network
(item 2). This dataset is housed in a web-based plat-
form called Enipedia (Anonymous 2013; Davis 2012),
which uses semantic wiki technology to enable the
collabortive cultivation of power industry data. This
RDF-based platform allows for the extraction of tar-
geted portions of the dataset using SPARQL queries.
By embedding tailored SPARQL queries in the code
of our weather-infrastructure interactions model, we
establish a runtime link between this model and the
web-based dataset.

The aim of the weather-infrastructure interactions
model is not only to capture the relationships be-
tween weather variables and the performance of
infrastructure components, but also the effects of
changes in component performance on the network
as a whole. Key to enabling this was establishing a
runtime link between the weather-infrastructure in-
teractions model and a pre-existing MATLAB-based
power flow model (item 3) (Zimmerman et al. 2011).
Power flow models are a mature class of models for
analyzing power systems in steady state operation,
outputting power flows through the lines in a power
system under provided supply and demand condi-
tions. Establishing this link required translating the
semantic base of the weather-infrastructure inter-
actions model into the language of the power flow
model, a process which engendered several impor-
tant assumptions.

This combination of components (items 1, 2 and
3) provided us with a computational structure for
determining the impacts of certain types of extreme
weather events on the performance of the infrastruc-
ture. We are in the process of linking these com-
ponents with an R-based interface (item 4), which
will allow decision makers to run the model under
different parameter conditions and view results in a
readily-understandable format. We also plan to link
this model with weather datasets (item 5) based on
the results of climate models, allowing for the cap-
ture of uncertainties associated with the trajectory
of climate change. A challenge here will be the differ-
ent timescales involved – the weather-infrastructure
interactions model operates on a timescale of hours,
while climate projections are based on models with
a timescale of decades.

Further discussions with experts and decision mak-
ers revealed the importance of also capturing decade-
spanning changes in the topology and technological
composition of the electricity network. This incited



Figure 2: Schematic of the multi-model ecology in
development. Solid arrows indicate implemented
links between components. Dashed arrows indicate
links in planning. Decision makers are excluded from
this schematic.

the development of an agent-based transmission net-
work evolution model (item 6), in which the growth
and evolution of an electricity transmission network
is captured as the consequence of repeated decisions
and interactions of a transmission system operator
and power producers. The initial phase of model de-
velopment was quite exploratory, driven by the devel-
oper and domain experts and based largely on theory.
Later phases of model development, however, have
been more participatory, involving decision makers in
conceptualizing the system and delineating assump-
tions.

This model is currently implemented in the agent-
based modeling platform Netlogo (Wilensky 2012).
However, in order to accurately represent the deci-
sion making process of the transmission system oper-
ator – who needs to calculate projected power flows
through his network – it became necessary to estab-
lish a runtime link with a power flow model. For
this we use the same power flow model employed
above (item 3). However, in addition to translating
the semantic base, implementation in this case neces-
sitated the development of a software link between
Netlogo and GNU Octave (the numerical simulation
software used to run the power flow model).

The current version of the transmission network
evolution model includes a vastly simplified represen-
tation of power producer investment decisions which
is unable to capture several of the main drivers of
such investments. Based on discussions with deci-
sion makers and experts, it was determined that this

representation was insufficient. To remedy this, we
are planning to implement a static link with an ex-
isting Java-based model (item 7) that captures these
investment decisions at a higher resolution (Chappin
et al. 2012).

Partway through the development of the above
models, discussions with experts and decision mak-
ers highlighted a new and important sub-problem –
the dynamic consequences of links between the elec-
tricity infrastructure and other infrastructures such
as road, rail and gas. To address this issue, an ex-
ploratory model was initiated with the aim of investi-
gating the consequences of random failures in multi-
infrastructure networks at an abstract level (item 8).
Like the transmission network evolution model in-
troduced above, this model is implemented in Netl-
ogo, and uses the platform’s native interface (item 9).
The model has not yet been linked to any datasets,
nor is it yet clear how or whether the model may link
with other models or datasets in the ecology.

Key challenges

The development of this ecology has highlighted
several important challenges in realizing multi-model
ecologies. Chief amongst these is the semantic gap
that exists between models – and between models
and databases – developed in different contexts. For
instance, a power substation in the transmission net-
work evolution model is similar to the notion of a bus
in the power flow model, but there are also important
differences in the use of these concepts that affect
the validity of results under certain circumstances.
Systematically identifying and tracking these differ-
ences is an important challenge with which we are
still struggling. In our experience thus far, trans-
lation between the ontologies employed by different
entities in an ecology is often feasible, but can be
time consuming and can engender new assumptions.
Moreover, imprecise translations can invalidate re-
sults. These challenges can serve as barriers to the
use of pre-existing models and datasets, and high-
light the importance of systematic documentation
with clear delineation of assumptions.

As has been emphasized in the preceding para-
graphs, the components of the multi-model ecology
described here are not static – new needs may arise
in the course of interacting with stakeholders, and
insights from one model may lead to new pertinent
questions. As such, models, datasets and interfaces
need to be developed with an expectation that they
will change over time, and that they exist as units
in a flexible and ever-changing ecology. We seek as
much as possible to use tools that are amenable to
this – that are open source, well documented and ca-
pable of interaction with other software. An example



of this is Enipedia – the database we have used for
cultivating infrastructure data – which enables the
extraction and export of targeted data for different
uses.

A potential advantage of a multi-model ecology ap-
proach lies in enabling the use of models in multiple
contexts – a single model can be linked with other
models, datasets and interfaces to address multiple
research questions. However, it is not always possible
to anticipate the future demands that may be placed
on a model, which makes it difficult to design them to
accommodate this. Our experience with this ecology
suggests that the use of a model in multiple contexts
within an ecology is sometimes feasible. However,
manual modifications are often necessary to enable
compatibility, both from a software perspective and
an ontological perspective.

CONCLUSIONS AND FUTURE WORK

This paper has introduced and demonstrated
the application of a multi-model ecology approach
to addressing MMCU problems – an approach
based around an interacting and constantly evolv-
ing system of models, datasets, interfaces and
humans. This approach leverages several ex-
isting M&S techniques, including microworlds,
multi-perspective/resolution/aspect modeling and
exploratory modeling and analysis. In the last sec-
tion, we have described an implementation of this
approach currently in progress, focused on the case
of electricity infrastructure adaptation to climate
change.

This pilot implementation of the multi-model ecol-
ogy approach has highlighted several important areas
for future research. First, the multi-model approach
establishes tooling criteria, but does not prescribe
specific tools to be used. We believe that these tool-
ing decisions should be context dependent, but see
the need for the development or adaptation of addi-
tional tools that better match the needs of the multi-
model ecology approach. An example here is tools
that can aid in the explicit tracking of assumptions
across multiple models, datasets and interfaces, and
can enhance the ability of decision makers to readily
comprehend their consequences.

Additionally, further research is necessary into
methods for effectively engendering learning on the
part of decision makers dealing with highly complex
problems. The microworlds approach offers some
hints here, but analyses of its capacity to enhance
the mental models of decision makers have demon-
strated mixed results (Langley and Morecroft 1996;
Stouten et al. 2012). A particular challenge has to do
with the capacity of the human mind to comprehend
uncertainty – Kahneman (2011) suggests that our

subconscious minds are not geared for dealing with
multiple incompatible interpretations of the world.
How can we train the intuitive mechanisms of de-
cision makers to deal with MMCU problems when
their brains may not be wired to comprehend a key
aspect of these problems?

From sustainability to climate change adaptation,
MMCU problems pose an enormous challenge to a
society ill-equipped to deal with them. We believe
that M&S can contribute meaningfully to addressing
such problems, but only with careful consideration of
the limitations of M&S techniques and of the realities
of decision making. We offer a small step in this
direction.
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