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Abstract. Agent-based models can simulate interac-
tions of complex systems that lead to emergent events.
This capability enables the exploration of potential out-
comes of different assumptions and scenarios, which
can support the decision-making process for complex
systems. However, identifying the optimal level of de-
tail and granularity of agent-based models is challenging
and highly related to the decisions they are intended to
support. Detailed and granular models can incorporate
more information and potentially provide a more real-
istic representation of an actual system. However, the
more complex models require more time and resources
to run and analyze, and their complexity can make the in-
terpretation of simulation challenging. Conversely, sim-
pler and more aggregated models are often easier to in-
terpret and more efficient to run, though they may of-
fer a less accurate representation of the original system.
In this paper, we discuss the trade-offs between detailed
and aggregated models and review the factors that influ-
ence the optimal level of detail and granularity.

Introduction

Agent-based modeling and simulation (ABMS) is a
modeling approach that is applied to understand and
predict the behavior of complex systems, such as
social, economic, and natural systems. Generally, an
agent-based model represents the behavior of individ-
ual agents (which can represent people, companies, or
other entities) and the interactions between them. The
collective behavior of the system emerges from the
interactions between these agents in the simulation.

ABMS enables the exploration of the potential out-
come of different assumptions or scenarios to support
the decision-making process in various fields [11, 14,
2, 6]. Schinckus [9] identifies four main approaches
to employing agent-based modeling in economics: The
deductive approach using perfectly rational agents, the
abductive approach with adaptive agents, the metaphor-
ical approach using concepts from physics, and the
phenomenological approach that aims to reproduce ob-
served statistical patterns. This diversity of approaches
demonstrate the flexibility of ABMS in capturing differ-
ent aspects of a complex system which make it a unique
decision-support tool.

Intuitively, an agent-based model that incorporates
more details and granularity of a real-world system will
more accurately replicate the behavioral patterns of the
original system. However, there are various benefits
to employing simpler models, such as model inter-
pretability and required resources. These advantages
can outweigh the consequences of lower accuracy of
simple models which motivates the modelers to create
models with the highest possible level of detail and
granularity. However, there are various benefits to em-
ploying simpler models, such as model interpretability
and reduced resource requirements [13, 10]. These
advantages can outweigh the consequences of lower
accuracy. Therefore, balancing the incorporation of the
highest possible level of detail and granularity in an
agent-based model with considerations such as model
interpretability and resource requirements is a com-
plex and challenging task for modelers. Besides the
trade-off between model complexity and accuracy, it is
crucial to understand the complexity of an agent-based
model in order to grasp its capabilities and limitations
accurately.
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Sun et al. [12] explain that a model can be struc-
turally simple yet produce complex behaviors, or it can
be very complicated in structure without necessarily
generating complex dynamics. The authors emphasize
that we must consider both the desired level of struc-
tural complicatedness and the intended complexity of
model behaviors while designing agent-based models.

Decision support systems can benefit from the use
of ABMS, which provides policy-makers and decision-
makers with a controlled and transparent way to explore
potential outcomes of different decision options. The
relationship between the level of decisions and the com-
plexity of a model is often proportional, with more com-
plex models being better suited for supporting higher
levels of decision-making.

For instance, simple models may suffice for
operational-level decisions based on established rules
and procedures, while strategic-level decisions requir-
ing long-term planning and resource allocation may re-
quire more complex models to consider a wider range
of factors and uncertainties.

The aim of this paper is to discuss the factors
that influence the complexity of an agent-based model
employed as a decision support tool, taking into ac-
count the desired level of decision support. These
factors include agents’ characteristics, the agent-based
model’s interaction rules, the user’s specific context and
decision-making requirements, the availability of re-
sources and expertise, the nature and scope of the de-
cisions being made, the desired level of interpretability
of the model, the reliability of the model, and the avail-
able resources to run the simulations.

1 Model Complexity vs.
Decision-Making

In this paper, the complexity of a model refers to its
structural aspect. We consider the complexity of an
agent-based model to be strongly dependent on the
number of agents, the rules and behaviors attributed
to the individual agents (including the degree of inter-
dependence between agents), and the environmental
factors affecting agents. A more complex agent-based
model typically refers to a greater number of agents,
each having a more extensive range of attributes and
behaviors, as well as more complex rules governing
their interactions with each other and their environ-
ment.
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Several factors can affect the complexity of an
agent-based model such as the multitude and diver-
sity of agents, processes, and interactions, along with
their respective attributes [12]. Following the ODD
(Overview, Design concepts, and Details) protocol [4],
the main factors that affect an agent-based model’s
complexity are:

Agents: The more agents and the more diverse the
types of agents, the more complex the model is
likely to be.

Interactions: The more interactions between agents
and the more complex those interactions are, the
more complex the model is likely to be.

Rules: The more rules for agents’ decisions and the
more complex those rules are, the more complex
the model is likely to be.

The environment: The more features and interac-
tion rules for the environment, the more complex
the model is likely to be.

Scheduling: The longer the model’s time horizon,
the more complex the model is likely to be.

There are several methods to measure the complex-
ity of an agent-based model. One of the most popu-
lar methods is Kolmogorov’s definition of complexity
[7], which is a measurement of the resources needed to
specify the model. Moreover, Popovics and Monostori
[8] proposed an approach to determine the complexity
of discrete event simulation models by combining sev-
eral parameters.

Agent-based models are used to support a variety of
decisions. However, modeling decisions is challenging
due to the importance of including the beliefs, desires,
and intentions of decision-makers while considering
physical, emotional, and social factors [3]. There
are multiple studies that focused on modeling human
decisions and behaviors in agent-based models [1, 5].
Focusing on business-related decisions, we can cat-
egorize the decisions into operational, tactical, and
strategic level decisions. Operational level decisions
are relatively simple decisions and involve the execu-
tion of well-defined rules and procedures.
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As such, simple agent-based models may be suffi-
cient to support these decisions. Tactical level decisions
are medium-term decisions that involve the allocation
of resources and the coordination of activities. These
decisions may be more complex than operational level
decisions and may require more sophisticated models
to evaluate the potential consequences. Finally, Strate-
gic level decisions are long-term decisions that involve
the allocation of resources and the formulation of over-
all goals and objectives. These decisions may be more
complex than operational or tactical level decisions and
may require more sophisticated models to evaluate the
potential consequences.

We propose a further classification of decisions
based on their intended purpose into forecasting,
demonstration of past decisions, and hypothesis test-
ing. For forecasting decisions, the modeler designs the
model as a prediction tool. It may be necessary to
use highly detailed and complex models that consider
a wide range of factors and processes to make accurate
predictions.

However, it is also possible to use simpler models
that capture the key processes in a system in order to
make more qualitative, non-specific predictions. The
complexity of the model needed for predictive purposes
will depend on the level of certainty required. The sec-
ond category is the demonstration of past decisions to
understand their cause and effect. Simple models are
often suited for this purpose since they are more ex-
plainable than complex models, and it is more conve-
nient to understand them.

In hypothesis testing or what-if analysis, the goal is
to confirm or challenge a theory. Modeling complex
systems is often done by simplifying and generalizing
in order to build theories. Simple models that focus on
general questions are more effective at developing the-
ories with general validity.

In another perspective, Sun et al. [12] argue that dif-
ferent principles apply depending on the type of agent-
based model being developed.

The principle of parsimony should be followed for
abstract theoretical models, keeping the model as sim-
ple as possible.

For empirically grounded models aimed at predic-
tion or decision support, the "Medawar zone’ principle
applies meaning models should be in an intermediate
range of complicatedness, as complicated as necessary
but no more so.

The authors also mention that in all cases, model-
ers should strive to match the level of model complicat-
edness to the specific research questions being investi-
gated.

2 Summary and Conclusion

Increasing complexity of agent-based models can lead
to a more accurate representation of the system being
modeled and the behavior of individual agents. For ex-
ample, if a model of a stock market includes a large
number of variables that describe the behavior of indi-
vidual investors, it is likely to provide more accurate
predictions of stock prices.

However, more complex models require more com-
putational resources for simulation and comprehensive
datasets for accurate calibration of the model. These
challenges potentially limit the practical implementa-
tion of large-scale models involving millions of agents
with intricate interactions in time-sensitive or resource-
constrained decision-making contexts.

Moreover, complex models are less interpretable for
stakeholders who are not familiar with the underlying
assumptions and relationships between variables. Con-
sequently, this challenge constrains decision-makers
ability to effectively employ models and make informed
judgments using simulation results. Lastly, complex
models are also more prone to errors and inaccuracies,
especially if the underlying assumptions or relation-
ships between variables are not well understood. This
vulnerability can compromise the reliability and valid-
ity of the results and lead to incorrect or misleading pre-
dictions and insights.

In conclusion, the design of agent-based models re-
quires an approach that addresses both the demands of
the decision-making process and practical implementa-
tion. A model that is overly simplistic may not pos-
sess the necessary information to facilitate informed
decision-making, whereas a model that is excessively
complex may prove to be intricate to comprehend. For
the future of agent-based modeling in decision support
systems, modelers should focus on developing models
at both ends of the complexity spectrum, investigating
complexity indicators to address the crucial challenge
of finding a balance between c omplexity and simplic-
ity. The goal must be to create models that are simple,
yet theory-driven and rich in dynamics to understand
the key processes of the system.
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