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Abstract—An agent-based model is a computer simulation
driven by the individual decisions of programmed agents. Such
models provide a promising alternative to traditional economic
modeling in that they can fully capture the diversity of agents
and the institutional detail of the underlying an economic system.
In this paper, we provide a brief methodological review of
the agent-based approach to modeling financial markets. We
review the research strategy, which is organized into a discussion
of formulation, implementation, verification and validation. We
conclude the paper with a review of the domain focusing on
modeling market participants and market institutions.

I. INTRODUCTION

An agent-based model (ABM) is a computer simulation
driven by the individual decisions of programmed agents. Such
models provide a promising alternative to traditional economic
modeling in that they can fully capture the diversity of agents
and the institutional detail of the underlying an economic
system. For the purposes of this paper, we adopt the following
definition of economic simulation as given by Lehtinen and
Kuorikoski (2007):

Simulations in economics aim at imitating an eco-
nomically relevant real or possible system by creat-
ing societies of artificial agents and an institutional
structure in such a way that the epistemically im-
portant properties of the computer model depend on
this imitation relation [1].

Agents often enjoy the limelight when it comes to the topic
of agent-based simulation, but as the authors of this definition
have so aptly pointed out, institutions, or in the lingo of agent-
based modeling, the topology, should be considered equally as
important. In agent-based modeling, the topology is “a set of
agent relationships and methods of interaction” that “defines
how and with whom agents interact” [2]. In an agent-based
financial model, the topology is defined by the market structure
and market institutions, as well as the actual mechanisms
that allow for trade. Institutions provide a convenient way to
constrain the allowable actions of agents. For example, we
could institute an auction mechanism and require agents to
interact through placing bids and offers. Finally, there is the
environment, which consists of news and other signals that
serve as inputs to the agent decisions. Our paper begins with

a general methodological discussion and then turns its focus
to these two primary ingredients: agents and institutions.

II. AGENT-BASED METHODOLOGY

A. Formulation

According to Hedstrom et al. (2010) and agent-based mod-
eling research strategy proceeds as follows. First, start with a
“clearly delineated social fact that is to be explained” [3]. In
the case of financial markets, agent-based models often seek
to account for the so-called stylized facts of financial markets.
Stylized facts are simply empirical regularities that appear to
be stable across markets and over time. Such facts range from
statistical concepts, such as the distribution of returns, to more
abstract notions such as stock market bubbles and crashes.

Pagan (1996) establishes a number of stylized facts of
financial market time-series, and offers a closing comment
that “statistical approaches to the modeling of financial series
have possibly reached the limits of their usefulness” [4]. This
comment gives a hint of motivation for generative approaches
and reflects a general unhappiness with the complexity of sta-
tistical models required to capture the conditional distribution
of returns. Cont (2001) also surveys a number of stylized facts
of financial markets [5]. Chen, Chang and Du (2012) identify
the stylized facts that are reproducible by different classes
of agent-based models [6]. Overall reproducing the stylized
facts of financial markets has been a general and popular
approach to modeling, which is perhaps less than ideal when
one considers that these models often offer little in the way
of experimental design. The hope, however, is that simulation
results are very robust to reasonable changes in the underlying
behavior of the agents, which highlights the importance of
sensitivity analysis [7].

The second step is to formulate hypotheses about the
relevant micro-level mechanisms. For us, this could mean
hypothesizing about agents or institutions. Designing agents
can be quite involved. How do the agents make decisions?
What is the composition of agents in a given market? How
does the composition change over time? Do the agents learn
or adapt? Institutions are also difficult. There is the market
structure generally, and the specific aspects of individual
exchanges, such the market mechanism and the fee schedule.



What details do we need to capture the dynamics of the
market? Which are extraneous?

B. Implementation

Next, the hypotheses must be translated into a computational
model. This step involves a number of practical problems to
be solved. For example, how are the agents activated? That is,
how do they take turns? A subtle consideration, but one that
may significantly affect outcomes [8]. Consider, for example,
the two activation regimes studied by Axtel (2000) [9]. In the
first regime, an agent is activated once each period. In the
second, an agent is activated a random number of times in a
given period with a mean of 1. Simulation output should be
stables across reasonable activation schemes. (See Radax and
Rengs (2010) for a taxonomy of activation regimes [10].)

The actual coding and implementation of agent-based mod-
els can be quite involved. Ideally, the model, on the con-
ceptual level, will have a clean mathematical definition, and
that definition need only be implemented using the standard
algorithms for stochastic simulation. However, many models
stray from purely mathematical descriptions, which not only
makes their actual implementation more complicated, it also
makes the models more difficult to communicate to the re-
search community. A good model should have a relatively
concise description, which can be used to develop independent
implementations. Results should be reproducible without the
need to include code. A good practice is to follow established
standards, such as the ODD protocol [11].

Researchers also need to choose from the plethora of
platforms available to build agent-based models. An impor-
tant consideration is performance. Tools like Netlogo offer
extremely convenient and powerful platform for developing
agent-based models, but they come at a performance cost [12],
[13]. Some models may need to be implemented in lower level
languages in order to achieve the performance required for
replications and good statistical analysis. Overall, increasingly
sophisticated tools are becoming available to builders of agent-
based models [14], [15].

C. Verification and Validation

Once a computational representation of the model is avail-
able it needs to be verified and validated. You might ask: what
is the difference? Verification is “the process of determining
that a model or simulation implementation and its associated
data accurately represent the developer’s conceptual descrip-
tion and specifications,” whereas validation is “the process
of determining the degree to which a model or simulation
and its associated data are an accurate representation of the
real world from the perspective of the intended uses of the
model” [16]. Verification of the model is the easy part. From
a purely practical perspective, one might consider writing
software tests, such as unit tests, to verify that the actual coded
implementation of a model operates as expected.

Validation is more challenging. The definition of validation
that we have provided is perhaps more relevant to discrete-
event simulations that might be used to make decisions about

an industrial process. How do we apply that definition of
validation to an agent-based model that has an “intended use”
of providing insight about a hypothetical economic system.
Leigh Tesfastion suggests four distinct types of validation:
input validation, process validation, descriptive output valida-
tion, and predictive output validation [17].

Input validation involves an examination of the exogenous
inputs to the model. Such inputs may be derived from empir-
ical observations. For example, an agent-based model might
assume that there is a particular distribution of agents with
in the population. For example, we might assume that half
of the agents base their decision on fundamental analysis of
a security and the other half base their decision on technical
analysis. Input validation would involve a critical analysis of
those particular assumptions.

Next there is process validation. Do the process and me-
chanics of the model adequately reflect the real world? For
example, if we are modeling a market that employs a contin-
uous limit order book, and our model implements the market
mechanism using an equation that updates the price a discrete
epochs, do we have a valid process? This is one of the most
difficult areas of modeling as it involves identifying the correct
level of abstraction for the model.

Finally, we have two types of output validation: descriptive
output validation and predictive output validation. This distinc-
tion comes down to in-sample and out-of-sample validation. To
understand it, we revisit a model that do both admirably. Mike
and Farmer (2008) introduce a model of financial markets that
is based on empirical estimates of order flow parameters. The
model is validated by examining the statistical properties of
the resulting prices process. In the paper, data from a single
stock is used to design the model of order flow. That model
is essentially chosen based on its in-sample performance. The
model is then evaluated across a larger cross-section of stocks,
which is an out-of-sample validation, or predictive output
validation.

III. AGENTS

An artificial agent in the most general sense is an entity that
perceives its environment through sensors and acts upon the
observations through actuators [18]. In the context of financial
markets, agents observe the market process and fundamental
information about the securities being traded and initiate trades
based on their observations. According to LeBaron (2001), an
agent’s directive is to “digest the large amounts of time series
information generated during a market simulation, and convert
this into portfolio decisions” [19]. However, as LeBaron notes,
there are many ways to process that data, and thus many ways
to define agents. Furthermore, not every agent shares identical
motivation.

According to a taxonomy of traders provided by Harris
(2001), there are utilitarian traders, speculators, dealers, and
even futile traders [20]. Utilitarian traders include, asset ex-
changers, hedgers, gamblers and fledglings (among others).
Hedgers trade to manage risk. Asset exchangers convert from
one type of holding to a holding of more immediate value.



Gamblers trade for the thrill of it. Fledglings trade to determine
if trading may be profitable. Speculators process information
to predict future prices. Speculators may trade on fundamental
information about the value of an asset or on technical infor-
mation related to the trading process, or even a combination of
both. Dealers exist to intermediate markets. Futile traders are
irrational or victimized market participants that do not profit
from their activity.

The variety of of financial market participants presents
a tough modeling challenge. Traditionally, economics has
solved this problem by working with a perfectly rational
representative agent. So, how do designers of artificial markets
approach the design of agents? Let’s assume the goal is
to produce artificial agents that reflect the heterogeneity of
participants in real markets and respect the cognitive and
informational constraints that those participants face. That is
a tall order. Holland and Miller (1991) put the challenge this
way: “Usually, there is only one way to be fully rational,
but there are many ways to be less rational” [21]. While the
latter is most surely true, in the context of constantly evolving
financial markets, even the rational course of action is not
always completely clear.

From the discussion, it is clear that agents may vary widely
with respect to their motivations and how they observe and
learn from their environments. Consider the extreme case of
an agent that does not observe, does not learn and selects
from its space of actions randomly. Here, you have what is
known as a zero-intelligence agent. On the other end of the
spectrum you have an agent that learns from its observations
and evolves its behavior accordingly, i.e., an agent that relies
on artificial intelligence. While the models on the two extremes
of this spectrum are, broadly speaking, agent-based models,
they represented distinct methodologies [22]. See Chen (2012)
for a survey four origins of agent-based financial models
including the markets origin, the cellular-automata origin, the
tournaments origin, and the experiments origin [23]. We have
only brushed the surface when it comes to the variety of
approaches to modeling agents. It is the topology, i.e., the
institutions, however, that are often neglected in the agent-
based modeling literatures, and it is on that topic that we
continue our discussion.

IV. TOPOLOGY

Agents do not operate in a vacuum. In the case of financial
markets, they are constrained by rules and regulations, mar-
ket structure, and most importantly, the market mechanisms
themselves, as implemented by the exchanges. As we have
already pointed out, one of the most difficult tasks in agent-
based modeling is reducing the universe from which to choose
your agents. Carefully specifying market structure and market
institutions can go a long way to reduce the complexity of
designing agents. Returning to our auction example, it is easier
to conceive an agent that is solely responsible for bidding in
an auction than an agent that might need to make economic
decisions in a much more general environment. We organize

our discussion of topology for agent-based financial markets
into two sections: market structure and market mechanisms.

A. Market Structure

A natural place to beging our discussion of market structure
is with regulations. Regulations shape markets. In the United
States, equity market structure is largely a result of Reg
NMS, the National Market System. Equity markets in Europe,
and in many other areas of the world, are much different.
According to a list of MIC (Market Identifier Codes) there
are over 1000 “exchanges, trading platforms, regulated or non-
regulated markets and trade reporting facilities” globally [24].
More than 20 countries have 10 or more trading venues. The
top 10 are given in Table I.

Despite the large number of venues, stocks markets are
dominated by well-known exchanges such as NYSE and
NASDAQ. From an agent-based modeling perspective, if we
are modeling equity markets, how should we account for
regulations and market structure? At a minimum, we need
to account for market fragmentation. Figure 1 gives a recent
measure of market share in U.S. equities. So the question
is, how much fragmentation in a model implementation is
enough? Could we recreate the basic dynamics with just two
markets?

Countries Number of MIC
United States of America 241
United Kingdom 188
Germany 71
Japan 43
Australia 31
Italy 31
Canada 23
Spain 22
Switzerland 21
Hong Kong 19

TABLE I
TOP 10 COUNTRIES BY NUMBER OF MIC CODES.

Some models have explicitly included mechanisms that
reflect the reality of the fragmented market for U.S. equities.
[25]. Other models have included alternative trading platforms,
such as dark pools [26], [27]. However, market structure, for
the most part, is largely neglected in agent-based models of
financial markets. Most studies only consider a single market,
and do not consider issues such as market fragmentation, mar-
ket segmentation, and the heterogeneity of trading platforms.
Market fragmentation is a fundamental, physical property of
financial markets and cannot be neglected in modeling process.

Another crucial aspect of market structure is that of infor-
mation flow. News is largely available in machine readable
form, and we have already seen flash crashes resulting from
posts to Twitter [28]. Agent-based models should consider
a wholistic approach that not only accounts for the market
structure with respect to multi-market trading and fragmented
liquidity, but also account for the new means with which
information flows. Yang et al (2014) study the dynamics of
the Twitter financial community in an agent-based model, but
these ideas have not been wholly integrated in multi-market
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agent-based financial models [29]. Accounting for every aspect
of the very complicated structure which market participants
face in the global financial system is unrealistic. However, we
should strive to find a balance between practicality and realism
in defining the institutions and structure in which our agents
interact.

B. Market Mechanisms

Not only is the broader market structure important, but so
also are the details of the market mechanisms themselves.
Most financial products trade in a continuous limit order book,
which is a continuously evolving record of outstanding orders
to buy or sell a particular security. When a limit order is
submitted to an exchange it is either matched with another
outstanding order, queued in the limit order book, or rejected.
Limit orders have a price, quantity and side, which are the
primary attributes that govern how they are processed.

The price and quantity of a limit order are restricted to
multiples of the tick size and lot size, respectively. The tick
size is the minimum price increment. The lot size is the
minimum quantity that may be traded in a single transaction.
A limit order may be rejected if it does not adhere to those
restrictions. A limit order only executes if there exists an

appropriately priced order on the opposite side of the market.
Limit orders are queued in the book if they cannot be executed.
Queued orders may be modified or canceled. Figure 2 displays
a snapshot of a limit order book, which highlights important
quantities, including the bid, ask and mid-quote, b(t), a(t) and
m(t), respectively.

The queued orders establish the best bid and ask prices.
Market participants seeking to trade immediately will buy at
the best ask price and sell at the best bid price. The queued
orders are executed according to rules of precedence. The
primary rule of precedence is price. The secondary rule of
precedence is time. The limit order book is essentially a
FIFO queue in which orders are executed based on price and
origination time. However, orders may also be matched on a
pro-rata basis, and matching algorithms, in general, may vary
across exchanges and products.

Matching Engines URL
Argo SimEx http://www.argocons.com
Cinnober TRADExpress http://www.cinnober.com
CME Globex http://www.cmegroup.com/globex
Connamara https://www.connamara.com
Gatelab exchangepath-100µs http://www.gatelab.com
LSE Millenium Exchange http://www.millenniumit.com
Orbixa ThymeX http://www.orbixa.com
NASDAQ INET http://www.nasdaqomx.com
NYSE Pillar https://www.nyse.com/pillar
Thesys Technologies http://www.thesystech.com

TABLE II
SAMPING OF COMMERICAL MATCHING ENGINES AND COMPANIES

OFFERING MATCHING ENGINES SERVICES.

In general, exchanges offer limit order book functionality
beyond the basics required to operate a continuous double
auction. Limit orders may have additional attributes that
govern specific aspects of their display and execution. For
example, some exchanges offer the ability to place hidden
orders. Other attributes might control details of execution (e.g.
immediate-or-cancel, fill-or-kill or all-or-none). In the United
States, exchanges have introduced order types that are tied to
specifics of the market structure (e.g. orders pegged to the
NBBO (national best bid and offer)). A matching engine is
the software implementation of a limit order book. Table II
provides an example of some exchange matching engines and
other companies offering matching engines commercially.

For modeling purposes, it is sensible to implement only the
core functionality required for the operation of a continuous
double auction. However, it is important to understand, that
not only do we need to consider the heterogeneity of the
population of market participants, but also the heterogeneity of
the market mechanisms themselves. Agent-based models have
been used to analyze a number of specific proposals related
to the operation of market mechanisms. Mizuta et al (2014
study the dynamics of markets under an up-tick rule [30].
Hayes et al (2012) a study the minimum quote life rule [31].
Price variation limits are also among the rules that have been
analyzed in agent-based models [32].



V. CONCLUSION

In conclusion, while there are many aspects to planning and
executing an agent-based research strategy for the study of
financial markets, there is a large literature available to assist
in some of the often neglected stages of the process including
verification, validation, and even communication of models
to the broader research community. Agent-based modeling
provides a powerful approach to modeling economic systems
and is uniquely capable of accounting for the diversity of
market participants as well as complicated market structures.
Agent-based models are also uniquely positioned to answer
questions about specific rules and regulations related to market
structure and market mechanisms.
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