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Abstract

The behavior of boundedly rational agents in two interacting markets is investi-
gated. A discrete-time model of coupled financial and consumer markets is de-
scribed. The integrated model consists of heterogenous consumers, financial traders,
and production firms. The production firms operate in the consumer market, and of-
fer their shares to be traded on the financial market. The model is validated by com-
paring its output to known empirical properties of real markets. In order to better
explore the influence of model parameters on behavior, a novel Markov chain Monte
Carlo method is introduced. This method allows for the efficient exploration of large
parameter spaces, in order to find which parameter regimes lead to reproduction of
empirical phenomena. It is shown that the integrated markets model can reproduce
a number of empirical “stylized facts”, including learning-by-doing effects, funda-
mental price effects, low autocorrelations, volatility clustering, high kurtosis, and
volatility-volume correlations.
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ÖFAI Neural Computation Group

Alexander Pfister
Vienna University of Economics and Business Administration

Alexandros Karatzoglou
Vienna University of Technology

Georg Dorffner
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1 Introduction

The study of economic phenomena involves not just the domain of economics, but also dy-
namical systems theory, game theory, the theory of adaptive learning systems, psychology
and many others. Beginning with the seminal work of Herbert Simon [1982], there has been
a realization that classical economic theory, based on rational equilibria, is limited. In reality,
economic agents are bounded both in their knowledge and in their computational abilities.
Recent work in simulation-based computational economics has sought to implement bound-
edly rational economic actors as learning agents, and to study the implications on the resultant
economic systems. See Tesfatsion [2002] for a review of agent-based computational economics.

Our goal is to study a discrete-time agent-based economic model which incorporates three
types of boundedly rational agents: Production firms, Consumers, and Financial traders.
These three agents operate in two coupled markets: a consumer market and a financial eq-
uities market. In the consumer market, production firms offer goods for sale, and customers
purchase the good. The financial equities market consists of stock traders who can buy and sell
shares in the production firms. The two markets are coupled through the production firms,
which try to increase shareholder value. They might do this by increasing profits, or by taking
actions which directly boost their stock price. Each firm explicitly implements a boundedly-
rational agent which learns from experience, and has limited knowledge and computational
power.

Models of consumers [Baier and Mazanec 1999], financial traders [Steiglitz, Honig, and Co-
hen 1995; Arthur, Holland, LeBarron, Palmer, and Taylor 1997; LeBaron, Arthur, and Palmer
1999; Gaunersdorfer 2000], and production firms [Natter, Mild, Feurstein, Dorffner, and Taudes
2001] have been studied previously. Usually, the focus is on a single type of actor (firm, con-
sumer or trader). The other actors are typically modeled as exogenous inputs, or simple ran-
dom processes. We focus here on the integration of the two markets including explicit models
of all three actors. Specifically, we build on the work of Steiglitz, Honig, and Cohen [1995],
Arthur, Holland, LeBaron, Palmer, and Tayler [1997], Brock and Hommes [1998], Gauners-
dorfer [2000], and Dangl, Dockner, Gaunersdorfer, Pfister, Soegner, and Strobl [2001] in finan-
cial market modeling; Baier and Mazanec [1999] in consumer modeling; and Natter, Mild,
Feurstein, Dorffner, and Taudes [2001] in production firm modeling. Our approach is to sim-
plify and integrate these previous models, while still retaining their empirical behavior. In
addition, the integrated model should address new phenomena that can not be investigated
in separate models.

Our ultimate goal is to investigate the mutual influence of the two markets. In particular,
because the firms learn based on feedback from the financial market, we can examine the
influence of the financial market on production firm behavior. Given rational expectations
of firms and financial traders, one might expect that it does not matter whether a firm bases
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its actions on its own estimate of future performance, or on its stock price (the shareholders
estimate of future performance). This would be the case if firms and traders were fully rational,
since both would have the same estimate of the value of a firm and its actions. However,
when both are only boundedly rational, then their estimators might be in disagreement. In
this case the financial market could have a positive or negative influence on firm performance.
The type and degree of influence will depend on how firms and stock traders estimate future
performance, and how managers of the firm are compensated.

Before we can use the model to investigate inter-market effects, we have to satisfy ourselves
that it behaves in a reasonable way. We validate our computational model by comparing its
output to known “stylized facts” in consumer and financial markets. Stylized facts are robust
empirical effects that have been identified in a number of examples of real markets. Successful
reproduction of empirical phenomena suggests that the dynamical properties of the model are
similar to those of the real markets that it tries to emulate. We can then use the model to better
understand the underlying dynamics and causes behind the observed effects. For example,
by looking at what model parameter settings encourage particular behavior, we can get some
insight into the underlying mechanism which causes it.

This article introduces a novel validation technique based on Markov chain Monte Carlo
(MCMC) sampling. By using the technique, we can investigate how model parameters in-
fluence model behavior, even for large parameter spaces. We can explicitly investigate how
different model parameters are correlated, and under what conditions the model reproduces
empirical “stylized facts”. This new validation and exploration technique is widely applicable
to agent-based simulation models, and is an important contribution of this paper.

The goal of this article is to introduce the integrated markets model, and present validation
results suggesting that it is a good combined model of the two markets. After describing the
model in detail, we introduce the new model exploration and validation technique based on
MCMC sampling. Finally, we describe a number of stylized facts, and show simulation results
from the integrated markets model. Using MCMC exploration, we show that the dynamics of
competition in the consumer market are an important part of the overall dynamics in the fi-
nancial market. Similarly, the dynamics of the financial market have an impact on the learning
abilities of firms in the consumer market.

2 The Model

The model consists of two markets: a consumer market and a financial equities market. The
consumer market simulates the manufacture of a product by production firms, and the purchase
of the product by consumers. The financial market simulates trading of shares. The shares are
traded by financial traders. The two markets are coupled: The financial traders buy and sell
shares in the production firms, and the managers of firms may be concerned with their share
price. The traders can use the performance of a firm in the consumer market in order to make
trading decisions. Similarly, the production firms can potentially use positioning in product
space and pricing to influence the decisions of financial traders (see figure 1).

The simulator runs in discrete time steps. Simulation steps consist of the following opera-
tions:

1. Consumers make purchase decisions.

2. Firms receive an income based on their sales and their position in product space.

3. Financial traders make buy/hold/sell decisions. Share prices are set and the market is
cleared.

4. Every Np steps, production firms update their products or pricing policies based on per-
formance in previous iterations.
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Figure 1: The Integrated Markets Model. Consumers purchase products, and financial traders
trade shares. Production firms link the consumer and financial markets, by selling products to
consumers and offering their shares in the financial market.

We describe the details of the markets, and how they interact, in the following sections.

3 The Consumer Market

The consumer market consists of firms which manufacture products, and consumers who pur-
chase them. The model is meant to simulate production and purchase of non-durable goods,
which the consumers will re-purchase at regular intervals. The product space is represented
as a two-dimensional simplex, with product features represented as real numbers in the range
[0,1]. Each firm manufactures a single product, represented by a point in this two-dimensional
space. Consumers have fixed preferences about what kind of product they would like to pur-
chase. Consumer preferences are also represented in the two-dimensional product feature
space. There is no distinction between product features and consumer perceptions of those
features (see figure 2).
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Figure 2: The two-
dimensional product space.
Consumers have fixed prod-
uct preferences (denoted by
“*”). Firms can position their
products (denoted by “ . ”) in
the feature space.

3.1 Firms

The production firms are adaptive learning agents. They adapt to consumer preferences and
changing market conditions via a reinforcement learning algorithm [Sutton and Barto 1998].
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Every Np iterations of the simulation the firms must examine market conditions and their
own performance in the previous iterations, and then modify their product or pricing.

A boundedly rational agent can be subject to several kinds of limitations. We focus here on
limits on knowledge, and representational and computational power. How these limitations
are implemented is detailed below.

3.1.1 State Description

The firms do not have complete information about the environment in which they operate. In
particular, they do not have direct access to consumer preferences. They must infer what the
consumers want by observing what they purchase. Purchase information is summarized by
performing “k-means” clustering on consumer purchases. The number of cluster centers is
fixed at the start of the simulation. The current information about the environment consists of
the positions of the cluster centers in feature space, along with some additional information.
The information is encoded in a bit-vector of “features”. The features are summarized in Table
1.

Table 1: Features Available to Production Firms.

Feature Description
Assets 1 if assets increased in the

previous iteration, 0 otherwise
Share Price 1 if share price increased in the

previous iteration, 0 otherwise
Mean Price 1 if product price is greater than mean price

of competitors products, 0 otherwise
Cluster Center 1 A bit-vector that encodes the position

of cluster center 1
... ...
Cluster Center N A bit-vector that encodes the position

of cluster center N

The cluster centers are encoded as binary vectors. Each cluster center can be described
as a pair of numbers in [0, 1] × [0, 1]. Two corresponding binary vectors are generated by
“binning”. Each axis is divided in to K bins. For all of our experiments, K was set to 10.
The bit representing the bin occupied by each number is set to 1. All other bits are 0. For
example, given 10 bins per axis and a cluster center (0.42, 0.61), the resulting bit vector is
(0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0) (see figure 3).

This information gives a summary of the environment at the current time step. Firms make
decisions based on the current “state”, which is a finite history of Hs bit vectors. In other
words, firms make decisions based on a limited memory of length Hs. This limited history
window represents an additional explicit limit on the firm’s knowledge.

3.1.2 Actions

In each iteration the firms can take one of several actions. The actions are summarized in
Table 2. The “Do Nothing” and “Increase/Decrease price” actions are self-explanatory. The
“random” action is designed to allow the firm to explicitly try “risky” behavior. The “Move
product” actions move the features of the product produced by the firm a small distance in a
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Figure 3: Computing the bit vector representation of a cluster center. In this case the cluster
center is located at (0.42, 0.61) and the resulting bit-vector is (0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0).

Table 2: Actions Available to Production Firms.

Action Description
Random Action Take a random action from one

of the actions below, drawn from
a uniform distribution.

Do Nothing Take no actions in this iteration.
Increase Price Increase the product price by 1.
Decrease Price Decrease the product price by 1.
Move down Move product in negative Y direction.
Move up Move product in positive Y direction.
Move left Move product in negative X direction.
Move right Move product in positive X direction.
Move Towards Center 1 Move the product features

towards cluster center 1.
... ...
Move Towards Center N Move the product features

towards cluster center N.

direction along the chosen axis or towards or away from the chosen cluster center. For exam-
ple, if the action selected by firm i is “Move Towards Center j” then the product is modified as
follows:

bi,k,t+1 ← bi,k,t + ν (cj,k − bi,k,t) (1)

where k ∈ {1, 2} enumerates product features, and bi,k and cj,k are the kth product feature and
feature of cluster center j respectively. The update rate ν ∈ (0, 1] is a small fixed constant.

3.1.3 Reward Function

A firm’s manager seeks to modify its behavior so as to maximize an external reward signal.
The reward signal takes the form of a fixed reward, a variable amount based on the firm’s
profitability, and a variable amount due to change in the value of the firms stock. The reward
received by firm i at time t is given by:

ri,t = Sf + αφφi,t + αp (pi,t − pi,t−1) (2)
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where Sf is the fixed reward, φi,t denotes the profits of firm i at time t, and pi,t denotes the
share price of firm i at time t. For all of our experiments, Sf was set to zero for simplicity.
The constants αφ and αp sum to unity. They are fixed at the beginning of the simulation and
held constant throughout. They trade off the relative importance of profits and stock price
in a firm’s decision-making process. The constant reward signal Sf can be interpreted as a
fixed salary paid to the manager of the firm. The profit-based reward can be interpreted as an
performance-based bonus given to the manager of the firm, and the stock-based reward as a
stock grant or stock option.1

3.1.4 Utility Function

Given the state history of the simulator for the previous Hs time steps, a production firm makes
strategic decisions based on its utility function. Utility functions (analogous to “cost-to-go”
functions in the control theory literature, and value functions in reinforcement learning) are a
basic component of economics, reinforcement learning and optimal control theory [Bertsekas
and Tsitsiklis 1996; Sutton and Barto 1998]. Given the “reward signal” or payoff rt at each
time step, the learning agent attempts to act so as to maximize the total expected discounted
reward, called expected discounted return, received over the course of the task:2

Rt = E

[
∞∑

τ=t

γτ−trτ

]

π

(3)

Here E [·]π denotes taking expectations with respect to the distribution π, and π is the policy of
the firm. The policy is a mapping π : S → ∆|A| from states to distributions over actions. In
our case S is the set of possible state histories, and A is the set of possible actions taken by a
firm. The range of the policy ∆|A| is the set of probability distributions over actions inA. Note
that the discount factor γ encodes how “impatient” the firm is to receive reward. It dictates
how much future rewards are devalued by the agent. If desired, the discount factor can be
set to the rate of inflation or the interest rate in economic simulations, such that the loss of
interest on deferred earnings is taken into account by the firm’s manager. In our simulations,
the discount factor was found using the Markov chain Monte Carlo validation technique (see
section 5).

Given the above definitions, the action-value function (or Q-function [Watkins 1989; Watkins
and Dayan 1992]) is defined as the expected discounted return conditioned on the current state
and action:

Qπ(s, a) = E

[
∞∑

τ=t

γτ−trτ |st = s, at = a

]

π

(4)

where st and at denote the current state information and action respectively (see tables 1 and
2). The action-value function tells the firm how much total discounted reward it should expect
to receive, starting now, if it executes action a in the current state s, and then follows policy
π. In other words, it is the firm’s expected discounted utility (under policy π) conditioned on
the current state and the next action. Note that this is not a myopic measure of reward. This
utility function takes into account all future (discounted) rewards.

The coding scheme used for world states makes the overall state space quite large. How-
ever, in practice, the number of world states observed during a typical simulation is not very

1The stock based reward changes linearly with stock return. This would be consistent with a limited stock
grant, or with a call option where the current price of the underlying stock is significantly above the strike price of
the option.

2We will drop the firm index i in this section for clarity. The same reinforcement learning algorithm is used for
each firm, with the same parameter settings. Each firm learns its own value function from experience.

6



large. We can therefore represent the action-value function as a table indexed by unique state
histories of length Hs and actions.

3.1.5 Reinforcement Learning

Reinforcement learning provides a way to estimate the action-value function from experience.
Based on observations of states, actions and rewards, the learner can build up an estimate of
the long term consequences of its actions.

By definition, the action-value function at time t − 1 can be related to the action-value
function at time t:

Qπ(s, a) = E

[
∞∑

τ=t−1

γτ−t+1rτ |st−1 = s, at−1 = a

]

π

(5)

= E [rt−1|st−1 = s, at−1 = a]π + γE

[
∞∑

τ=t

γτ−trτ |st−1 = s, at−1 = a

]

π

(6)

= E [rt−1|st−1 = s, at−1 = a]π

+γ
∑

s
′,a′

P (st = s
′|st−1 = s, at−1 = a)π(at = a′|st = s

′)Qπ(s′, a′) (7)

The first line is just the definition of the action-value function. The second line simply unrolls
the infinite series one step, and the third line explicitly replaces the second term by the ex-
pected action-value function, again by the definition of expectations under policy π. The last
line is called the Bellman equations [Bellman 1957]. It is a set of self-consistency equations
(one for each state-action pair) relating the utility at time t to the utility at time t− 1.

One way to compute the action-value function is to solve the Bellman equations. We use a
reinforcement learning technique called SARSA [Rummery and Niranjan 1994; Sutton 1996].
SARSA can be viewed as using a Monte Carlo estimate of the expectations in Eq.(7) in order
to iteratively solve the Bellman equations. At time t, the estimate of the action-value function
Q̂t(s, a) is updated by:

Q̂π
t (st−1, at−1) = (1− λ)Q̂π

t−1(st−1, at−1) + λ
(
rt−1 + γQ̂π

t−1(st, at)
)

(8)

where λ is a small learning rate. For all of our experiments, λ was set to 0.1. In words, the
utility function is updated as a linear mixture of two parts. The first part is the previous
estimate. The second part is a Monte Carlo estimate of future discounted return. It includes a
sample of the reward at time t−1 (instead of the expected value of the reward), and the utility
for a sampled state and action at time t (instead of the expected utility based on the policy and
state transition probability). Finally, the current estimate of the action-value function is used,
in place of the true action-value function.

Intuitively this learning rule minimizes the squared error between the action-value func-
tion and a bootstrap estimate based on the current reward and the future discounted return, as
estimated by the action-value function. Theoretically, this technique has been closely linked to
stochastic dynamic programming and Monte Carlo approximation techniques [Bertsekas and
Tsitsiklis 1996; Sutton and Barto 1998].

After each action-value function update, a new policy π′ is constructed from the updated
action-value function estimate:

π′(a|s)←
exp (Q̂π(s, a)/T )

∑
a′ exp (Q̂π(a′|s)/T )

(9)

This policy selects actions under a Boltzmann distribution, with better actions selected more
frequently. The “temperature” T can be reduced over the course of the simulation. At the
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beginning of the simulation, a large temperature makes the policy quite “flat” and encourages
exploration. Later, at a low temperature, optimal actions are most often selected.

In theory, using the SARSA algorithm, the action-value function estimate will converge to
the optimal action-value function. However, convergence relies on the learner operating in a
stationary stochastic Markov environment [Sutton and Barto 1998]. When there is more than
one adaptive firm in the environment, the stationarity assumption is violated. Nevertheless,
it has been shown that reinforcement learning can be used to approximately solve arbitrary-
sum competitive games [Tesauro 1999]. As noted previously, the Markov assumption is also
violated, since the state vector of the firm does not include all information necessary for solv-
ing the task. For example, explicit consumer preferences and exact product positions are not
known by the firm. Such limited-memory reinforcement learning algorithms have been used
previously to approximately solve partially observable problems [Jaakkola, Singh, and Jordan
1995]. This approximation can be seen as another source of “boundedness” in a boundedly
rational firm. As well as having a limited knowledge base (represented by the partial state
history and state aggregation), the firm has a limited model of the capabilities of other firms
(they are assumed to have a stationary policy). Thus our firms implement an algorithm de-
signed to iteratively improve their strategies, given the constraints on their knowledge and
computational power.

3.2 Consumers

Consumers are defined by their product preference. Each consumer agent is initialized with
a random preference in product feature space. During each iteration of the simulation, a con-
sumer must make a product purchase decision. For each available product, the consumer
computes a measure of “dissatisfaction” with the product. Dissatisfaction is a function of
product price and the distance between the product and the consumer’s preferred product.
Consumer i’s dissatisfaction with product j is given by:

DISi,j = αc
D(βi, bj)

maxb′ D(βi, b′)
+ (1− αc)

ρj

maxj ρj
(10)

where ρj denotes the price of product j, and αc trades off the importance of product features
and price. For all of our experiments, alphac was set to 0.5. The measure D(βi, bj) is the
Euclidean distance in feature space between the ideal product of customer i and product j:

D(βi, bj) =
(βi − bj)

>
W(βi − bj)

βi
>
Wbj

(11)

Here bold-faced letters denote the feature-vector representations of products and preferences.
The diagonal matrix W is common to all consumers and models the relative importance of
features in the feature space. In all of our simulations, the matrix W was initialized to the
identity matrix.

Every consumer is also initialized with a different “ceiling” dissatisfaction MAXDISi. If all
product dissatisfactions are above its ceiling, a consumer will simply make no purchase in that
iteration. For all of our simulations, MAXDIS was set to 0.8. Given dissatisfaction ratings for
all products, and given the set of products with dissatisfactions below the ceiling in iteration
t, consumer i selects from this set the product j with the lowest dissatisfaction rating:

j = arg min
k

{DISi,k} , k ∈ {l : DISi,l < MAXDISi} (12)

4 The Financial Market

One important paradigm of modern finance is the efficient market hypothesis. It is assumed,
that the actual market price contains all available information. Especially past prices cannot

8



help in forecasting future price changes. This is in contrast to the empirical trading behav-
ior of many investors. Chartists or technical traders believe that prices may be predicted by
extrapolation of trends, technical trading rules or other patterns generated by past prices.

Another paradigm is the rational expectation equilibrium (REE), introduced by Muth [1961].
Agents are expected to be fully informed and to know all equations of the economic model.
Perfectly rational agents maximize their utility function and are able to solve complicated op-
timization problems. This seems to be unrealistically demanding for real-world agents, and
therefor bounded rationality models have been proposed. In our model bounded rationality
enters via the agent’s formation of expectations over future prices and variances. Investors
only use publicly available information, i.e. past stock prices and dividends and they do not
make systematic mistakes.

Within this section we will present a standard capital market model (see e.g. [Arthur, Hol-
land, LeBaron, Palmer, and Tayler 1997; Brock and Hommes 1998; Dangl, Dockner, Gauners-
dorfer, Pfister, Soegner, and Strobl 2001]). Myopic investors maximize their next period’s util-
ity subject to a budget restriction. At time t agents invest their wealth in a risky asset with
price pt and in bonds, which are assumed to be risk free. Each agent only trades with a stock
of a single firm. Within this section we therefor drop the index i for the firms. There are S
stocks paying a dividend dt. It is assumed that firms pay out all of their profits if positive,
therefor each stock gets a proportion of 1/S of the profits. The risk free asset is perfectly elas-
tically supplied and earns the risk free and constant interest rate κ. Investors are allowed to
change their portfolio in every time step. The wealth of investor m at time t + 1 is given by

Wm,t+1 = (1 + κ)Wm,t + (pt+1 + dt+1 − (1 + κ) pt) qm,t (13)

where Wm,t+1 is the wealth at time t and qm,t the number of stocks of the risky asset hold
at time t. As in Brock and Hommes [1998] , Levy and Levy [1996] , Chiarella and He [2001] ,
and Chiarella and He [2002] the demand functions of the following models are derived from
a Walrasian scenario. This means that each agent is viewed as a price taker (see [Brock and
Hommes 1997] and [Grossman 1989] )

Denote

pt: Price per share of the risky asset at time t
dt: Dividend at time t
κ: Risk free rate
S: Total number of shares of the risky asset
M : Total Number of investors
qm,t: Number of shares investor m holds at time t
Wm,t: Wealth of investor m at time t
ζm Risk aversion of investor m

Let an investor m with wealth Wm

maximize his/her utility of the form

u (Wm) = −e−ζmWm (14)

with ζm as constant absolute risk aversion. Denote by Ft = {pt−1, pt−2, ..., dt−1, dt−2} the infor-
mation set available at time t.3 Let Em,t and Vm,t be the conditional expectation and conditional
variance of investor m at time t based on Ft. Then the demand for the risky asset qm,t solves

3Note that at time t price pt and dividend dt are not included in the information set Ft
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max
qm,t

{
Em,t [Wm,t+1]−

ζm

2
Vm,t [Wm,t+1]

}
(15)

i.e.,

qm,t =
Em,t [pt+1 + dt+1]− pt (1 + κ)

ζmVm,t [pt+1 + dt+1]
(16)

Let S be the total number of shares, then the market clearing price pt is implicitly given by the
equilibrium equation

S =
M∑

i=1

qm,t (17)

4.1 Formation of Expectations

It is well known, that expectations play a key role in modeling dynamic phenomena in eco-
nomics. Heterogeneous expectations are introduced in the following way

Em,t [pt+1 + dt+1] = Im (pt−1, · · · pt−hm
, dt−1, · · · , dt−hm

)

Vm,t [pt+1 + dt+1] = Gm (pt−1, · · · pt−hm
, dt−1, · · · , dt−hm

)
(18)

As in many other heterogeneous agent models we assume that two kinds of investors exist:
fundamentalists and chartists. Additionally, investors have different time horizons hm which
are modeled via the time length agents look back into the past. In our simulations hm is dis-
tributed between 1 and 250. The proportion of fundamentalists and chartists in the market are
denoted Nf and Nc, where Nf + Nc = 1.
In our model we want to focus on the formation of expectations about prices and not on the
formation of expectations about variances. Therefore we assume homogeneous and time in-
dependent expectations about the variance Vm,t. This means that both types of investors, fun-
damentalists and chartists, determine Vm,t in the following way

Vm,t [pt+1 + dt+1] = v (19)

where v is a constant. Now we split Em,t [pt+1 + dt+1] into Em,t [pt+1] and Em,t [dt+1]. First in-
vestors form their expectations about the next periods dividend dt+1. Agents take the average
of the last hm dividends as a forecast, i.e.

Em,t [dt+1] =
1

hm

hm∑

j=1

dt−j (20)

Fundamentalists determine their price expectations according to a model based on funda-
mental information, which in our model are past dividends. The dividends are based on the
earnings of the firms in the consumer market. Fundamentalists calculate a fair price and ex-
pect that the current price will gradually move towards it with a rate of αf . A fundamentalist
m assumes that the fair price p

Fair price
m,t is a linear function of past dividends, i.e.
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p
Fair price
m,t = Hm (dt−1, · · · , dt−hm

)

= f Em,t [dt+1] + e

= f
1

hm

hm∑

j=1

dt−j + e

(21)

where 1/f is the fair dividend yield. In our simulation we set e = 0 and f = 50, which corre-
sponds to a fair dividend yield per period of 2%.4 This leads to the following price expectation

Em,t [pt+1] = (1− αf ) pt−1 + αfp
Fair price
m,t (22)

Chartists use the history of the stock prices in order to form their expectations. They assume
that the next period’s price change will equal the average price change during the last hm

periods, scaled by a constant αn.5

Em,t [pt+1] = pt−1 + αn

(
pt−1 − pt−hm

hm − 1

)
(23)

Note that at time t, pt is not included in the information set Ft, therefore the investor has to
form his/her expectation on the basis of last periods price.

4.2 The Market Clearance Mechanism

The market uses a sealed-bid auction, where the clearance mechanism chooses the price at
which trading volume is maximized. The first step is to construct supply and demand curves
based on the transaction requests. Example supply and demand curves are shown in figure 4.
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Figure 4: Supply and demand curves. Supply is marked with “O” and increases with price.
Demand, marked with “*”, decreases with price. The market price (vertical line) is set to a
price which maximizes the volume traded. In this case, the market price is 4.25.

4The risk free interest rate κ was set to 1.5%. Because of the fact that holding the stock is riskier, the fair dividend
yield should be above the risk free rate.

5Note that for chartists hm > 1 for computing an average price change.
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Note that there may be a range of prices that would maximize volume. We select the
maximum price in this range. If there are buy orders but no sellers then the share price is set
to the maximum bid. If there are only sell orders then the price is set to the minimum ask. If
there are no orders in a time period, then the price remains unchanged.

Each trader specializes in a single firm, and only buys or sells shares in this firm. Each
trader is initialized with a supply of shares in its firm of interest.

4.3 Sequence of Events

Let us have a look at the timing of the events within the financial model. The first step is the
formation of expectations. Based on past prices and dividends an investor m forms his/her ex-
pectation about the distribution of the next period’s price and dividend, i.e. Em,t [pt+1 + dt+1]
and Vm,t [pt+1 + dt+1]. Plugging the expectations into Equation 16 the agent is able to deter-
mine the demand function, which is submitted to the stock market via limit buy orders and
limit sell orders.6 After the orders of all agents are submitted the stock market calculates this
period’s equilibrium price pt, i.e. the price where supply equals demand. At the end of the
period the current dividend dt is announced and becomes public information.

5 Model Validation

One goal of constructing agent-based economic models is to gain some insight into the mech-
anisms that cause observed market behaviors. Agent-based economic models offer a kind of
economic laboratory, in which parameters can be changed, and the results observed. Useful
models will reproduce known market behaviors for reasonable parameter settings. Knowing
the behavior of the model in different parameter regimes is therefore important both for vali-
dating that a model is reasonable, and using the model to understand economic phenomena.
However, in complicated models with many parameters, it may be difficult to discover rela-
tionships between model parameters, and find regions in parameter space where the model
has interesting behavior.

We will validate our model by confirming that it can indeed reproduce empirically ob-
served market behaviors, or “stylized facts”. In this section we propose a novel algorithm
for exploring the relationship between model parameters and stylized facts. The algorithm is
based on Markov chain Monte Carlo (MCMC) sampling. We describe a number of empirical
phenomena that have been observed in consumer and financial markets, and give correspond-
ing simulation results. We show that a number of stylized facts within the two markets can
be reproduced by our model under reasonable parameter settings. We further show that the
behavior of each of the markets is dependent on the dynamics of the other market. In other
words, the integrated model is not simply two separate models joined together. The behavior
of each market is intimately tied to the parameters and dynamics of the other market. We
explore the mechanisms behind some stylized facts by examining correlations between model
parameters.

5.1 Model Parameters

Although it has been our intention to keep the model simple, the firm’s learning algorithm
and trader’s decision rules have tuning parameters. Parameter values must be selected before
a simulation can be run. These parameters have been introduced in earlier sections describing
each of the agents in the model. Using preliminary simulations, some of the parameters were
found to have a large influence on the outcome of the simulation, and others were found

6A limit order is an instruction stating the maximum price the buyer is willing to pay when buying shares (a
limit buy order), or the minimum the seller will accept when selling (a limit sell order).
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to be relatively unimportant. All parameters are summarized for convenience in table 3. The
“reference” column indicates where in the text the parameter was introduced, and where more
details can be found. The “value” column indicates the value used for simulations (see section
5.3). The values of parameters in the first group (above the double line) were found using
the Markov chain simulation technique described in the next section. Those in the second
group were found to be relatively unimportant. These values were set based on initial trial
simulations, and held fixed for all simulation runs.

Table 3: Parameters for Integrated Markets Simulator

Parameter Description Range Value Reference
αφ strength of profitability reinforcement [0, 1] 0.47 Eq.(2)
αp strength of stock price reinforcement [0, 1] 0.53 Eq.(2)
N Number of cluster centers N 2 section 3.1.1
ν product update rate R ≥ 0 0.03 Eq.(1)
γ reinforcement learning discount factor [0, 1] 0.83 Eq.(3)

Hs History window length for firms N 3 section 3.1.1
Nf Proportion of fundamentalists [0, 1] 0.57 section 4
Nc Proportion of chartists [0, 1] 0.43 section 4
αf Fundamentalist price update rate [0, 1] 0.18 Eq.(22)
αn Chartist price update rate [0, 1] 0.36 Eq.(23)
K Number of bins N 10 figure 3
Np product update frequency N 8 section 2
Sf base salary R ≥ 0 0 Eq.(2)
λ reinforcement learning rate R ≥ 0 0.1 Eq.(8)
ε reinforcement learning temperature [0, 10] 5→ 0.2 Eq.(9)
αc Consumer feature/price tradeoff [0, 1] 0.5 Eq.(10)

MAXDISi Maximum dissatisfaction for consumer i [0, 1] 0.8 Eq.(12)
f inverse fair dividend yield R 50 Eq.(21)

We would like to understand the effect of parameters on model behavior. We could “grid”
the space of parameters, and then run a large number of repetitions of the simulator, one for
each grid point. However, this approach would very quickly become infeasible with more
than a few parameters. Ten parameters, each taking on one of ten values, would require 1010

runs to cover the grid. Many of these parameter combinations will not be of particular interest.
Instead we would like a way to focus computational power on areas of parameter space

that are “interesting”. We will define as interesting areas where a stylized fact is well-reproduced.
To this end, we will adapt Markov chain Monte Carlo sampling to do a “directed” random
walk through parameter space.

5.2 The Metropolis Algorithm

Consider the problem of evaluating the expected value of some multivariate function with
respect to a probability distribution or density. In some cases (such as linear functions and
Gaussian distributions) expectations can be computed analytically. In many cases this is not
possible. Monte Carlo algorithms allow for the approximate evaluation of expectations in
more difficult circumstances. In the following, bold face will denote a vector and subscripts
will denote elements of a vector or set: x =< x1, ..., xJ >. Given a set of multivariate samples
{x1, ...,xN} from a distribution P (x), we can approximate the expected value of a function
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f(x) as follows:

E[f(x)]P (x) ≈
1

N

N∑

i=1

f(xi) (24)

Before this approximation can be employed, we need a set of samples {x1, ...,xN} ∼ P (x).
In many cases we do not have a closed-form distribution from which samples can be drawn.
The Metropolis algorithm [Metropolis, Rosenbluth, Rosenbluth, Teller, and Teller 1953] is a
method for drawing a set of samples from a distribution P (x). Further, we need not have
access to P (x), but only need an unnormalized energy function Φ(x), where:

P (x) =
exp{−Φ(x)}∑
x

′ exp{−Φ(x′)}
(25)

Given an initial point x0, the ith step of the Metropolis algorithm operates as follows:

1. Select a dimension k. Select a proposed sample x from a proposal distribution Prk(x;xi−1).
The proposal distribution can be a function of the previous point, and leaves all of the
elements of xi−1 unchanged except for the kth element.

2. Set xi ← x with probability min{1, exp{−(Φ(x)− Φ(xi−1))}}. This is called accepting the
proposed sample. Set xi ← xi−1 otherwise (rejecting the proposed sample).

Note that when a proposal is rejected, the old point is added to the sample in its place.
In the algorithm as described above, the proposal distributions should be symmetric. That is,
∀k∀x∀x′ Prk(x;x′) = Prk(x

′;x).
In the limit, the sequence of samples will converge to a unique stationary distribution with

marginal distribution P (x). Thus the set of samples can be used for the approximation in
Eq.(24). In practice, the speed of convergence of the chain to the stationary distribution will
depend on the dimensionality of x, the energy function of interest and the proposal distribu-
tion. Assessing convergence can be problematic. If a non-convergent set of samples is used,
then the estimate will be biased. The algorithm can also be extended to include non-symmetric
proposal distributions.

5.3 Markov Chain Model Exploration

In our application, we do not want to evaluate expectations of a function. Instead, we want to
find settings for model parameters that reproduce stylized facts. The Metropolis sampler has
the following property: Samples are more likely to be drawn from low-energy areas.

Given a stylized fact, we can define an energy function such that low energy corresponds
to good reproduction of the fact. Then, we implement a Metropolis sampler using this energy
function. In the limit, parameter samples are drawn according to the normalized probability
distribution defined by the energy function. In practice, we will not generate Markov chains
which are sufficiently long to reach the equilibrium distribution. But even without theoretical
guarantees on the distribution of sampled parameters, the sampler can find good model pa-
rameter settings, and reveal interesting correlations between model parameters. The Metropo-
lis sampler acts as a “directed” random walk through parameter space, avoiding high energy
areas.

We have constructed energy functions for several stylized facts including: learning-by-
doing in the consumer market, low autocorrelations in stock returns, high kurtosis in marginal
returns, and volatility clustering. The sampler operated over the parameters in the first group
of Table 3. We used symmetric Gaussian proposal distributions over real-valued parameters,
and uniform distributions over discrete parameters. It was assumed that the energy function
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took on a value of +∞ wherever parameters fell outside of their valid range, ensuring that
such values would be rejected by the sampler. One thousand samples were drawn using the
Metropolis sampler. While this is too short to allow for convergence, we can still examine the
sample set to identify regions where stylized facts are well-reproduced, and look for significant
correlations between parameters.

As it turns out, two of the four Markov chain experiments were uninteresting. These were
the runs trying to achieve high kurtosis in the stock market returns, and getting high autocor-
relations in the absolute stock returns. The simulated stock market had both of these features
for almost all parameter values, and there were no interesting correlations or relationships
between parameters for these energy functions. The only parameters of interest were the pro-
portion of fundamentalists and chartists. If the number of chartists fell below 20%, the returns
looked Gaussian. This suggests that high kurtosis and volatility clustering are very robust fea-
tures of the artificial stock market, and are driven by the interaction between fundamentalists
and chartists.

In the sections below, we show the results for two energy functions: The “learning-by-
doing” effect, and low-autocorrelations in the stock market returns.

5.3.1 Learning by Doing

The “learning-by-doing” effect [Argote 1999] encapsulates the idea that firms gain knowledge
and optimize their behavior over the course of performing a task. Empirically, costs go down,
and efficiency and profits go up as a function of the number of units of a particular product
produced. Our model explicitly includes learning by doing in the production firm. As the firm
produces its product, it learns what sells in the marketplace and at what price. This results in
an increase in profits over time. Note that this is very different from models which include a
“learning” component in populations of agents, implemented as an evolutionary algorithm.
Our individual firms learn over the course of the task.

We investigated which parameter settings influence the learning-by-doing effect using our
adapted Metropolis algorithm. The energy function was the negative profits:

E =
1

Zp

∑

i

T∑

t=2

−(φi,t) (26)

where i indexes the firms, and Zp is simply a scaling factor designed to bring the energies into
a reasonable range (set to 10000 for our simulations).

We found that the learning effect was quite robust to parameter settings. In general, firms
learned to perform well in the market place for almost all parameter settings (see figure 5).

There was a significant negative correlation between the proportion of fundamentalist
traders Nf in the simulation, and the adaption rate αf of the fundamentalists (see figure 6).78

Note what this implies: Two parameters of the stock market are correlated when trying to max-
imize a quantity from the consumer market (profits). This suggests that the feedback mecha-
nism from the stock market to the production firms (via stock price) is having an influence on
the behavior of the firms in the consumer market, and that some intermediate behavior of the
financial market is optimal from the point of view of firm learning. This may be because of
an exploration/exploitation tradeoff: A certain amount of noise or uncertainty in the financial
market could help the firms avoid shallow local minima and prompt them to find products

7The density plots were generated using the kernel density estimator for Matlab provided by C.C. Beardah at
http://science.ntu.ac.uk/msor/ccb/densest.html [Beardah and Baxter 1996].

8Significance was measured in the following way: First, the sequence of parameter values was subsampled
such that autocorrelations were insignificant. Given this independent sample, the correlations between parameters
could be measured, and significance levels found.
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Figure 5: The “Learning by Do-
ing” effect was robust across al-
most all parameter settings. The
bar graph shows the per-time-step
profits of the firms sampled by the
Metropolis algorithm. The vertical
line shows mean profits achieved
by a randomly-behaving firm. The
learning firms do better than a ran-
domly acting firm for nearly all pa-
rameter settings.

and prices that are clearly winning in the consumer market. Too much noise can inhibit learn-
ing. The proportion and adaptation rate of the fundamentalists influences the volatility of the
financial market, and therefore the noise in a firm’s reward signal.

5.3.2 Low Predictability and Volatility Clustering

A fundamental feature of financial markets is that they are not easily predictable. The perfect
market hypothesis claims that new information is immediately factored into prices, so that the
price at any given time reflects all prior knowledge. Under this assumption, it is in principle
impossible to predict market movements. In practice, it has been found that many finan-
cial return series have insignificant autocorrelations. Unlike most artificial stock markets, our
model does not include any extrinsic noise (such as randomized trading strategies [Gauners-
dorfer 2000; Raberto, Cincotti, Focardi, and Marchesi 2001], or a randomized dividend process
[Arthur, Holland, LeBarron, Palmer, and Taylor 1997]). Interestingly, the autocorrelations are
nevertheless very low. This is due to a combination of heterogenous trading strategies in the
market, and the difficulty in predicting profits in the consumer market.

Unlike price movements, price volatility is highly autocorrelated. Empirically, market
volatility is known to come in “clusters”. That is, periods of high or low volatility tend to
follow one another. This is the basis of conditional heteroskodacity models, which predict
volatility in the next time step based on volatility in previous time steps. In our model techni-
cal traders will tend to adjust their market position during large price movements. This will in
turn cause greater price movements. Similarly, when the price is near the fundamental price,
fundamentalists are satisfied and hold their stock. This in turn stabilizes prices, and causes
the chartists to hold their stock as well.

We investigated which parameter settings lead to low autocorrelations in the returns of
the artificial stock market. The energy function used was the squared error between the actual
autocorrelations in the returns, and an idealized set of autocorrelations:

E =

A∑

i=1

(vi − v∗i )
2 (27)

where vi denotes the autocorrelation at lag i, and v∗i is the idealized autocorrelation. We used
A = 5, and v∗ = {−0.05, 0.0, 0.0, 0.0, 0.0}. That is, a slight negative autocorrelation at the first
lag, and zero autocorrelation thereafter.

After sampling with this energy function, we found significant correlations between some
sampled production firm parameters. This is particularly interesting, because it indicates that
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Figure 6: Negative correlation between adaption rate of fundamentalist traders αf and pro-
portion of fundamentalist traders Nf . In order for firms to maximize their profits, there is an
optimal influence of fundamentalists on the stock market. When more fundamentalists are in
the market, their per-time-step influence is decreased. The plot shows the density of samples
at various parameter values for the Markov chain Monte Carlo simulation.

the statistical properties of the stock returns are substantially affected by the dynamics in the
consumer market. Specifically, there is a significant negative correlation between the firm’s
“history depth” parameter Hs, and the weighting placed by the firm on profits αφ (at the 95%
confidence level). That is, in order to get low autocorrelations in the stock returns, it is best to
have either a short history depth, or to place the most weight on improving the stock price (at
the expense of profits) (see figure 7).

This is likely related to how hard it is for the firms to learn to do well in the market. Recall,
the sampler is trying to find parameter values for which the stock returns have low auto-
correlations. That is, the sampler prefers stock prices that are unpredictable. If the firms do
very well or very poorly, then their fundamental price is predictable, and the stock returns
have higher autocorrelation. There is a regime in which firms have variable performance. The
amount of information available to firms (the history length Hs) and the kind of information
available (profits or stock price) appear to trade-off in determining firm performance.

5.4 Ideal Parameters

We identified a set of parameter settings for which all of the stylized facts were well repro-
duced (see figure 8 and column “Value” in Table 3). We did this by intersecting the histograms
of parameter values from the MCMC simulation runs, and finding common parameter set-
tings. Since nearly all parameter settings gave good kurtosis and volatility clustering behav-
ior, these have been omitted from the figure for clarity. After identifying a set of parameter
settings for which all of the stylized facts were well reproduced we ran 20 repetitions of the
simulation at these ideal parameter settings. The simulation consisted of two competing firms,
50 stock traders, and 200 consumers.

The “ideal” parameter values are reasonable. There are no parameters which must take on
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Figure 7: Negative correlation between history depth and importance of profits. “History
depth” Hs is the number of past states available to the firm when making decisions. The
parameter αφ is the proportion of firm reward that comes from profits. In order to get low
autocorrelations in the stock price returns, either history depth should be high and profit im-
portance low, or profit importance should be high and history depth low.

extreme or unlikely values in order to get good simulation behavior. We discuss each of the
parameter histograms below:

firm learning rate (ν) : The firm learning rate ν has the least area of overlap between MCMC
runs. In order to get good learning, the learning rate should be low. In order to get low
autocorrelations, the learning rate should be high. We chose an intermediate learning
rate which seemed to work well enough.

Number of cluster centers (N ) : Again, there is tension between firm “learning-by-doing”
and making the stock market process more random. The firms learned best when they
did not have to deal with too much information (fewer clusters). Again, an intermediate
value was used.

Profit strength (αφ) : Interestingly, both energy functions were quite insensitive to whether
firms learned based on their profits or their stock price, although both had peaks for
intermediate values of αφ. Again, an intermediate value was chosen.

Firm discounting (γ) : Firms learned best with either a low or high discounting value. That
is, they should either focused on the near term, or the long term, but not the intermediate
term. The stock market, in contrast, had lower autocorrelations when firms took the long
view.

History depth (Hs) : Firms learned best with shorter histories, and the stock market autocor-
relations were better when the firms used longer histories. This is the same effect as seen
with the number of cluster centers: Firms learn better when their information is some-
what compressed. The autocorrelations in the financial market seem to be lower when
the firms have too much information, and therefore do not learn as well.
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Figure 8: Histograms of parameter values from Markov chain Monte Carlo sampling. The plot
for each parameter shows three histograms: black for the “learning-by-doing” energy function
(section 5.3.1), white for the low-autocorrelations energy function (section 5.3.2), and gray
for the intersection of the other two. Each histograms includes the top 30% of samples from
the MCMC sampler, ranked by the negative energy. The curve shows a Gaussian fit to this
intersection. The “ideal” parameters were taken to be the means of these best-fit Gaussians.

Proportion of Fundamentalists (Nf ) : The market had the best autocorrelation structure for
intermediate numbers of fundamentalists. The firms seemed to have a strong prefer-
ence for a particular value (around Nf =0.6). This is interesting, because it indicates that
the stock market is not just “noise” in the firms learning process. Certain market dy-
namics make it easier for the firms to learn. This might be because of an “exploration-
exploitation” trade-off inherent in firm learning. The firms must discover what strategies
work well, and then exploit them. Intermediate noise in the financial market could allow
them to escape local behavioral optima, and find better strategies.

Chartist adaptation rate (αc) : One might expect that firms learn better, and the market is less
random, when the adaptation rate of the chartists is lower. In fact, the opposite seems to
be the case. Again, it could be that certain levels of noise in the market are optimal for
firm learning.

Fundamentalist adaptation rate (αf ) : Similarly to above, these values seem counterintuitive:
Firms learn better when the fundamentalists adapt more slowly, and the market appears
more random when the fundamentalists adapt faster.

The following sections show stylized facts reproduced by simulation runs at the ideal pa-
rameter settings.

5.4.1 The Learning Effect

Figure 9 shows simulated profits as a function of time, across the 20 simulation runs at the
parameter settings specified in Table 3. Median profits increase as a function of time, indicating
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that firms learn to identify good product positions and prices. The increase is significant at the
5% level, as tested with a Wilcoxon signed rank test.
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Figure 9: “Learning by Doing” in the consumer market. The plot shows median profits as a
function of time, across 20 simulation runs. The longer a firm spends in the market, the higher
its profits.

5.4.2 Autocorrelations of Returns

Figure 10 shows autocorrelations of returns and absolute returns for the artificial market. The
autocorrelations were computed for the last 2000 periods of each runs, and averaged over 20
runs. For these plots, pt is stock price at time t, and returns at time t are defined as rett =
log(pt/pt−1). There are small negative autocorrelations in the first few lags, followed by zero
autocorrelations. The kurtosis of the market returns was quite high at 57.8. The error bars
show 95% confidence bounds.
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Figure 10: Autocorrelations of log returns and absolute log returns in the artificial stock mar-
ket.

5.4.3 Fundamental Price

In financial markets, it is generally assumed that share price oscillates around a “fundamental”
fair value, or fundamental price. This price can be related to dividends, cash flow or profits
made by the firm. Empirically, it has been shown that models of the fundamental price can
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account for some of the variance in share price [Shiller 1981; Kim and Koveos 1994]. Com-
putational models of stock markets have typically assumed either a static fundamental price,
or a simple time-varying price such as a first-order autoregressive process [Arthur, Holland,
LeBarron, Palmer, and Taylor 1997; Gaunersdorfer 2000]. Because our model includes a con-
sumer market, our fundamentalist traders construct a fundamental price based on the actual
past profits of the firm.

Figure 11 shows a simulated stock price and the associated fundamental price, as calcu-
lated by the fundamentalist traders, from a sample run. The simulation used the parameter
settings from table 3. The fundamental price was generated by using Eq.(22) but assuming an
adaption rate αf of 1.0. The fundamental price was then rescaled and translated to compensate
for the actual adaptation rate of the fundamentalists (αf = 0.18).
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Figure 11: Fundamental price (thick line) and stock price (thin line) from a section of a single
run of the integrated markets model. The fundamental price has been translated and rescaled
to compensate for the adaptation rate of the fundamentalist traders.

This sequence shows several aspects of the artificial stock market. First, the stock price
roughly reflects the underlying fundamental price. The price differential is due to the number
of stocks held by the traders initially (in our case 120). Second, the stock price oscillates at
a higher frequency than the underlying fundamental price. Despite this, fundamental price
information is incorporated slowly, due to the adaption rate αf less than 1.0. Large stock
price changes lag behind similar changes in the fundamental price. Third, large changes in
fundamental price lead to high volatility in the stock price. Fourth, the stock price tends to
over- or under-shoot and then oscillate after a large change.

For this run, the proportion of fundamentalists was quite high (Nf = 0.57). It is interesting
that, under our model, decreasing the proportion of fundamentalists tends to also decrease the
kurtosis of the returns. In a market with only 20% fundamentalists, the returns look Gaussian.
If the proportion of fundamentalists drops below 10%, the stock price collapses. The hetero-
geneity of the market traders is necessary to maintain market liquidity and trading volume.

If the fundamental price remains static over a long period of time, then the share price
tends to decay in a deterministic way to the fundamental price. The variation in fundamental
price due to the dynamics in the consumer market is an integral part of the stock returns in
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our model.

5.4.4 Volatility and Trading Volume

There is a known positive correlation between volatility and trading volume in financial mar-
kets [Karpoff 1987]. That is, periods of high volatility are also those of high trading volume.

Our integrated model exhibits the same behavior. There is a correlation between volatility
and trading volume. High volume and high volatility are interrelated, and each can signif-
icantly predict the other, although the effect of high volatility on trading volume is longer
lasting. Figure 12 shows average cross-correlations and 95% confidence intervals for stocks
from the 20 runs of the simulator, with parameters set as in Table 3.
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Figure 12: Cross correlation between trading volume and absolute returns. The figure was
generated by averaging 45-day periods of volume and absolute returns for 40 stocks (20 runs,
2 firms per run). Cross correlations were measured for each stock. The plot shows mean cross
correlations and 95% confidence intervals. The plot shows that volatility and trading volume
are interrelated, with each being a significant predictor of the other, although the effect of
volatility on trading volume is longer-lasting.

6 Conclusions

We have described an integrated model consisting of three agent types: production firms,
consumers and financial traders. The agents operate in two coupled markets: a consumer
market and a financial market. The model builds on previous work by simplifying and inte-
grating previous models of consumers, firms and traders. We have found that for a particular
reasonable setting of the parameters, a large number of stylized facts can be reproduced si-
multaneously in the two markets. We have also indicated in which parameter regimes the
model does not perform well with respect to different stylized facts. We have shown that
it is possible to incorporate a profit signal from a competitive consumer market endogenous
to the model itself. This endogenous profit signal provides some of the low-frequency and
large-scale variability seen in the financial market model.

We have introduced a new model validation technique based on Markov chain Monte
Carlo sampling, and used the new technique to investigate under which model parameter
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regimes the model exhibits realistic behaviors. We have shown that this technique can high-
light interesting correlations between model parameters and offer insights into the mecha-
nisms underlying the behavior of the model. We feel that this technique has wide applicability
to other agent-based models, and is an important contribution of this paper.

We have demonstrated that the combined model is more than just the sum of its parts. The
behavior of each of the markets is substantially influenced by the dynamics of the other mar-
ket. In particular, firm performance in the consumer market is significantly affected by how
the firm estimates future performance. Firms operate best given a mixture of performance-
based and stock-based pay. Similarly, the statistical properties of the stock market are best
for intermediate values of firm parameters. We are currently using the integrated model to
investigate inter-market stylized facts that are beyond the reach of individual models. These
include managerial compensation schemes; product hype in the financial market; consumer
social networks and their effect on the financial market; and brand-recognition-based trading
strategies.
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