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Abstract
Agent-based computational models represent a big challenge in many disciplines. A vital approach receiving much interest is
agent-based models, which gives a new area providing some ways to tackle some of the restrictions of the analytical models
in finance. The aim of our research is to contribute to the behavioral finance and agent-based artificial markets by studying
their market-wise implications using computational simulations. We investigate and analyze the behavioral foundations of the
stylized facts of empirical data such as that characterize real data in financial markets. Our results confirm the existence of most
the stylized facts such as leptokurtosis, non-independently distributed, and volatility clustering. From this attention, the artificial
financial market will for all time be evaluated in order to have explication about market dynamics in Tunisian financial market.
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1 Introduction

The agent-based simulation that deals with economic en-
vironments are sometimes referred to agent-based compu-
tational finance which obviously includes agent-based arti-
ficial market.[1] Agent-based modeling offers many more
parameters that can be altered to generate different scenar-
ios. It also facilitates the study of emergent properties of
traders’ interactions and particular classes of traders in iso-
lation. A key challenge for agent-based models is to demon-
strate that the resulting price dynamics are indeed consistent
with known empirical facts that remain difficult for more
standard approaches in many disciplines.[2–4] The prices of
stocks and commodities in financial markets fluctuate over
time which then produces financial time series. These time
series are in fact of great attention for making inferences
and predictions. By means of modern technologies, one can
now obtain a vast amount of financial data that record every

transaction in financial markets which was not explain by
traditional models.[5, 6]

Cont[5] points out that those stylized facts should all be con-
sidered as mostly qualitative properties of returns since they
may not be precise enough to differentiate between diverse
parametric models. Nonetheless, even as qualitative, these
properties can be quite constraining, since it is difficult to
come up with stochastic processes or models that can pro-
duce a lot of them at the same time. To faithfully illus-
trate empirical data, more sophisticated models are needed.
Recently, Panait and Lupu[7] suggested some measures that
could facilitate its sustainable development during the 2007-
2009. Harrison et al.[8] presented the empirical proprieties
for the indices employing a panel data analysis. The authors
pointed out some particular features of index returns in these
types of markets: significant cross correlations and a high
degree of non-linearity. Slavescu and Panait[9] investigated

∗Correspondence: Yosra Mefteh Rekik; Email: meftehyosra@yahoo.fr; Address: Department of Financial and Accounting Methods, Economics
and Management University, Sfax, Tunisia.

Published by Sciedu Press 13



www.sciedu.ca/air Artificial Intelligence Research 2015, Vol. 4, No. 2

also the volatility of the daily returns for many companies
during 2007-2011 listed on Bucharest Market Exchange and
investigated the causal links with added international finan-
cial markets.

As an issue of fact, it may be essential to look deeper into the
mechanisms of artificial stock markets in order to realize the
complexity of price dynamics. Artificial computational sim-
ulations have become in the last few years a growing field
of interest under the impulsion of the Santa-Fe-Institute. To
study this complex system, we used approach of traders
with bounded rationality that learn and make their behaviors
change in time. According the origin study of Arthur[1] and
LeBaron (1995), which showed that it is probable to make
rational global behaviors emerge with simple, bounded in-
dividual behaviors, several models of markets have been de-
veloped. The traders in the SFI-ASM differ from one an-
other in the way they compute their anticipations about fu-
ture prices and dividends from the similar information set
by means of sets of rules that are a modified edition of John
Holland’s classifier system. The Santa-Fe-Institute artificial
market is able to replicate some of the stylized facts of real
financial markets.

The developing computational models, that forges analysis
for more approaches in economic and finance to use multi-
agent analysis as one of its analytical tools for giving better
comprehension of financial system. As shown in Figure 1,
time-series data analysis giving a complete description of fi-
nancial economy data properties. Yet, in the other side vari-
ous arguments of the micro properties of financial economy
agents tried to seek a linkage between macro analyses along
with the behavior of traders.

Figure 1: Connection between micro-simulation of
financial system and its statistical features

How to clarify effects in macro-behavior in the situation of
micro-interaction is the major motivation of using multi-
agent simulation models in social sciences, as well as fi-
nancial economy.[10]

This paper is trying to give illustrations of multi-agents
models that have been often utilized in computational ap-

proach, continued with building primitive model from fi-
nancial system with adaptive efforts upon stock market in
Tunisia. The rest of this paper is planned as follow: In the
second section, we review the important of such “stylized
facts” emerge in the stock market. Section three deals with
the description of the computational model that are going to
be explored in order to obtain stylizes facts. The simulation
results are shown in section four. In section five, we ter-
minate with features of the computational model that lead
to the reproduction some of the exhibited stylized facts of
the assets return. Section six concludes and summarizes the
research finding of this paper.

2 Statistical properties of financial data

In agent-based models of stock markets, it is standard prac-
tice to measure the validity of the model by investigating
whether the stock price exhibits statistical features, known
as the “stylized facts”. Cont[5] introduces various qualita-
tive proprieties of logarithmic returns for financial assets.
The proprieties investigated in studies of markets by Cont is
sufficient to consider that his introduced stylized facts can
be found in several types of financial data and for different
types of financial markets. Important observed stylized sta-
tistical facts in financial time series are as follows:

• Absence of autocorrelations: (Linear) autocorrela-
tions of returns are usually insignificant, except for
very high-frequency data where microstructure starts
playing a role.

• Volatility clustering: Non-linear functions of returns
exhibit a positive autocorrelation. The time series jus-
tifying this are called “heteroscedastic”. Thus, we can
test whether a series is heteroscedastic with the Engle
ARCH test.

• Aggregational Gaussianity: Specifically, the shape
of the distribution is not the same at different time
scales; and the time scale is increased (returns are cal-
culated over a longer period), the more the distribu-
tion becomes normal.

• Leverage effect: The volatility of returns is negatively
correlated with the returns themselves.

• Intermittency: At any time scale, returns display a
high degree of variability.

• Volume/Volatility correlation: Trading volume is cor-
related with all measures of volatility.

• Gain/loss asymmetry: It is possible to observe one
large downward in stock prices and stock index val-
ues but not equally large upward movements.

• Conditional heavy tails: Returns that have been cor-
rected for volatility clustering still exhibit some de-
gree of heavy tails. However, the tails are less heavy
than in the unconditional distribution of returns.
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In order to prove that our endogenously generated price
mimics some of the above described statistical properties
similar with real data in Tunisian stock market, we will per-
form many sorts of test.

3 Markets with agent-based models
Agent-based computational finance is an emerging fields of
research in which the researchers have build artificial mar-
kets that replicate characteristic behavior of regular mar-
kets, such as volume/volatility correlation, excess volatility,
heavy tails of the distribution of daily and hourly returns
and volatility clustering. To simplify our model, we choose
the Walrasian auction, in which the equilibrium price is set
so that overall demand equals overall supply, as found in
the market clearing mechanism in price determination.[11–14]

Therefore, all trades will be executed at a fixed price and the
agents are not permitted to trade out of equilibrium.

The artificial market programmed based on the Santa-Fe Ar-
tificial Stock Market and its modification was introduced in
the papers of LeBaron,[15] which contains two types of as-
sets available for traders. One is the risk free asset paid with
a fixed interest r and the other is the risky asset paid at the
beginning of each period, a stochastic dividend which is as-
sumed to follows an auto-regressive process AR[1] as:

dt = d̄+ [ρ(dt−1) − d̄] + µt (1)

Where, µt ∼ N(0, σ2µ), ρ: exogenous parameter, dt−1 div-
idend at (t-1) and d̄ is a mean of the autoregressive process.
Agents maximize their utility function under the following
constraint:

Wi,t+1 = xi,t(pt+1+dt+1)−pt(1+rf )(Wi,t−ptxi,t) (2)

Where: xi,t is the number of risky assets detained by trader
i at time t, rf is the risk free interest rate, dt+1 is the divi-
dend attributed to risky assets, pt is the price at time period
(t).

It is well known that under CARA utility functions and
Gaussian distribution for forecasts, traders’ desire demand,
xi,t for holding shares of the risky asset is linear in the ex-
pected excess return.[11] According to Arthur et al.,[1] the
demand of shares for agent i at time t is giving by:

xi,t = Ei,t(pt+1 + dt+1) − pt(1 + rf )
λ · σ2

i,t,p+d
(3)

Where σ2
i,t,p+d is the conditional variance of (pt+1 +dt+1).

At equilibrium, the total demand must be equal to the total
supply. Therefore, we assume that total supply equals the
number of shares issued.

M∑
i=1

xi,t = N (4)

The rational expectation equilibrium of future price and div-
idend are as follows:

pt = β ·
M∑
i=1

wi,tE(pt+1 + dt+1) − α (5)

With:

β = 1
(1 + rf ) ;wi,t =

1
σ2

i,t,p+d∑M
i=1

1
σ2

i,t,p+d

= β · λN∑M
i=1

1
σ2

i,t,p+d

(6)

According to this expression, the equilibrium price depends
on agents’ expectations to the future value of the risky asset
E(pt+1 + dt+1).

The stock market is composed by heterogeneous market par-
ticipants (micro-interactions). In this view point, we can
see that the price dynamics (macro-behavior) in the financial
market proposed is emerged by the heterogeneous strategies
of agents.[16–18]

3.1 Fundamentalist traders

We refer to traders who make investment decisions based
on a supposed fundamental value as “fundamentalists”. We
describe a fundamental price by closely following the ap-
proach of Boswijk et al.[19] The trade price is given as fol-
lows:

pt = β ·
M∑
i=1

wi,tE(pt+1 + dt+1) − α (7)

With:

β = 1
(1 + rf ) ;wi,t =

1
σ2

i,t,p+d∑M
i=1

1
σ2

i,t,p+d

= β · λN∑M
i=1

1
σ2

i,t,p+d

(8)

3.2 Noisy traders

Investors have neither complete information nor infinite
computational capacity. According to this behavioral bias,
the expectation method used by noise traders is expressed as
follows:{

pft+1 = pt(1 +ReactNoisy)
dft+1 = dt(1 +ReactNoisy)

(9)

Where:
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ReactionNoisy = (1 − k) + [1/5
5∑
i=1

[pt+1 + dt−1

pt−1−i
− 1]] +K[1/5

5∑
i=1

[ pt−5

pt−5−i
− 1]] (10)

K is the parameter measuring the weight of prior belief (1/2
< K < 1).

Thus, the expression of the equilibrium price of the Noisy
agents is formalized as follows:

pt = β ·
M∑
i=1

wi,t[pt(1 +ReactNoisy) + dt(1 +ReactNoisy)] − α (11)

with:

β = 1
(1 + rf ) ;wi,t =

1
σ2

i,t,p+d∑M
i=1

1
σ2

i,t,p+d

;α = β· λN∑M
i=1

1
σ2

i,t,p+d

(12)

3.3 Loss-averse traders

We create the model of the investors which is based on
Prospect Theory in accordance with the one characteristic of
decision making, stating that agents are more influenced by
negative returns that positive returns. Like the rational, loss
adverse investors use the artificial neural network to make
forecasts but they may be reluctant to realize losses. Follow-
ing Khaneman and Tversky’s theory, loss adverse investors

tend to estimate losses twice as large as profits. Thus, we
stylize the utility function involving the loss aversion fea-
ture according to Shimokawa et al. (2007) as follows:

U(wi,t+1) = −e−λBi,twLi,t+1 (13)

Bi,t is a loss Aversion coefficient:

{
Bi,t = 4 if E(pt+1 + dt+1) − (p+ d)reft−1 < 0
Bi,t = 1 if E(pt+1 + dt+1) − (p+ d)reft−1 ≥ 0

(14)

With (P+d)reft−1 is the reference point. It is measured by the
average of price beforeR periods. In others words, the gains
and the losses are measured relative to reference point set to
be the average of prices and dividend before 10 periods as
follows:

(p+ d)reft−1 = (pt + dt) + (pt−1 + dt−1) + · · · + (pt−R−1 + dt−R−1)
R

(15)

The expression of the equilibrium price victims’ agents
through loss aversion is formalized as follows:

pt = β ·
M∑
i=1

wi,tE(pt+1 + dt+1) − θ (16)

With:

β = 1
(1 + rf ) ;wi,t =

1
σ2

i,t,p+d∑M
i=1

1
σ2

i,t,p+d

et; θ = β· λN∑M
i=1

1
σ2

i,t,p+d

(17)

4 Simulation results and analyses
A computer simulation of the financial market involving
100 investors was used as the model in this paper; risk
assets and risk free assets are the two possible transaction
models which are adopted along with other behavioral fea-
tures.[1, 11–13] As a review of the model, we can see Table 1
showing the parameters values used in simulations.

Table 1: Parameters list
 

 

Symbol Explanation  

M 
N 
T 
rf 
λ 
K 
Λ 

d  
σ2

µ 
θ 
f 
g 

The number of investors (100) 
The number of issued stocks (100) 
Simulation periods (1000) 
The risk free interest rate (0.1) 
Risk averse ratio of the investor (0.5, constant) 
Measuring the weight of prior belief (0.8) 
Exogenous parameter (0.95)            
Mean of autoregressive process 
Conditional variance of dividend process  (0.0734) 
Forecast error update’s parameter (0.013) 
(6.333) 
(16.688) 

 

There are numerous design matter regarding the traders, as
is described in Grothmann:[20] the investment decision mak-
ing process, heterogeneous strategies and learning.[21, 22]

Thus, we assume the application of neural network so that
fundamentalist learns the equilibrium parameters with ratio-
nal expectations provided by the following equation:
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E(pt+1 +dt+1) = ρ(pt+dt)+(1−ρ)[(1+f)d̄+g] (18)

Nero-one is used to develop the back-propagation learning
algorithm. After several tests of varying the number of neu-
rons in the hidden layer, we found that three neurons con-
stitute the optimal structure of the hidden layer (see Table
2). Thus, we have simulated expectations for 1000 observa-
tions. As shown, the convergence of the artificial neural net-
work to the rational expectations occurs at quadratic mean
error 10−5.
Table 2: Artificial Neural Network performance criteria

 

 

Number of hidden layers RMSE R2 PE 

2 4.70E-05 0.99 3.09E-05 

3 1.46E-05 1 9.92E-06 
4 2.45E-05 1 1.66E-05 
5 2.26E-04 1 1.50E-04 

 

The architecture of the neural network is composed of a sin-
gle input layer, containing a single neuron, namely the vec-
tor (Pt+dt), an output layer, indicating the results forecasts
E(pt+1+dt+1) and three neurons of hidden layers. The aim
of artificial invertors is to build the explication of the future
price and dividend E(pt+1 + dt+1) which will be used in
their demand functions. By means of feed-foreword Artifi-
cial Neural Network, we see in Figure 2 the expectations of
future price and dividend versus rational expectations.

Figure 2: Rational vs. Artificial Neural Network
Expectations

The graphical comparison shows the same graph on the de-
sired results and those provided by the neural network. The
graph in Figure 2 illustrates the dynamic simulation of the
forecast price and future dividends. To run simulation, we
use the same parameter values as used by LeBaron.[15] The
results show a correlation between the predictions made by
the neural network and predictions under the assumption of
rational expectations. In a second experiment, we consider

the possible combination of behavioral investors in our arti-
ficial market simulations and examine whether the combina-
tions explain more the assets prices dynamics. We combine
fundamentalist, noise traders and loss aversion behavior af-
fecting the prices dynamics.

Figure 3: Experimental result with multi-agent simulation

According to the modeling and multi-agent simulation of
our model, the combination of several types of agents with
different proportions caused a small gap in their basic as-
sets prices. From Figure 3, we can observe that the market
price (blue line) fluctuates closely around the behavior of
the market price value (red line). By varying the percentage
of agents in the market, we have elucidated the impact of
the degree of heterogeneity of investors on the price dynam-
ics. This experiment adds another layer of complexity by
allowing heterogeneity among of investors. This result con-
firms many studies which assume that heterogeneous agent-
based models have included heterogeneity behavior origi-
nating among artificial agents.[16, 23, 24]

Figure 4: The simulation result vs. TUNINDEX returns

The simulation resulting (see Figure 4) shows that the agents
in Tunisian stock market are truly bounded by the movement
of the market. We report the artificial financial market that
emerges the similar dynamics price with real data. After-
wards observing the price behavior, we will perform differ-
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ent sorts of statistical tests to identify if the price presents
the stylized facts.

5 Stylized facts in financial return
In recent years, an important challenge of the financial ap-
proach is to construct more sophisticated models which have
consistencies with as many financial proprieties that cannot
be explained by traditional theory. We have constructed the
artificial market to see how that emerges the analogous styl-
ized facts with the real one for an individual but dominant
index in Tunisian financial markets.

Fact 1: Distribution of Return

Our aim is to highlight the specificities of the Tunisian
stock market through these various estimations. Descriptive
statistics are estimated for Tunisian stock market (see Table
3). Return distribution shows a small negative skewness, a
relative fatter right tail, and very large kurtosis (leptokurtic),
clearly peaking above the normal distribution. Furthermore,
the JB statistic confirms strong rejection of the null hypoth-
esis of normality for financial returns. Table 3 shows that
the value of the Jarque and Bera statistic is greater than the
critical value for all the stocks of our sample. This result
indicates that the distribution of the TUNINDEX returns is
leptokurtic.

Table 3: TUNINDEX returns
 

 

Descriptive Statistical  

    Mean -1.94e-05 
    Median 0.000000 
    Maximum 0.005246 
    Minimum -0.005282 
    Std. Dev. 0.001039 
    Skewness -0.060051 
    Kurtosis 6.632689 
    Jarque-Bera 6702.630 
    Probability 0.000000 

 

Table 3 shows that some descriptive statistics of the TUNIN-

DEX returns, from which one can see the fat-tailed charac-
ter of the returns quite clearly. The normality hypothesis
is definitively rejected because of asymmetry and kurtosis
excess.

We observe in our simulation data in Figure 5 that the dis-
tribution of return also follows considering quite clearly the
fat-tailed character of the returns. The values of the Jarque-
Bera statistics confirm that the distribution of asset returns
is significantly different from the normal distribution. The
normal asymmetry coefficient or Skewness is generally dif-
ferent from zero and negative (-1.389803) indicating that the
asymmetry of the distribution series is different from that of
the normal distribution. The coefficient of kurtosis is very
high, well above 3 (17.15963). This confirms the “fats tails”
observed in our artificial market.

Figure 5: Histogram of simulation results

A quantile per quantile comparison of the empirical distri-
bution with a theoretical normal can detect differences be-
tween the distributions of the simulated return compared
with the real data (see Figure 6). This is another technique
rather than the measurement of the skewness and kurtosis,
in order to highlight more significantly the presence of fat
tails. In our case, this is an analysis of quantiles, plotting
empirical quantiles against the quantiles of the normal dis-
tribution. If distributions are identical, the plot should be ap-
proximately linear. However, if they are different, we should
observe the deviations. The distribution of the TUNINDEX
return is leptokurtic.

Figure 6: Q-Q Plot
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Fact 2: Excessive Volatility

Several studies in finance use autoregressive conditional
heteroskedastic (ARCH) models introduced in 1982,[25] the
conditional variance of shocks, ht, is a linear function of
past squared values of the process:

ht = ω + α1ε
2
t−1 (19)

where ω > 0 and α1 > 0.

An alternative and more flexible structure is provided by
Bollerslev[26] which is well known as a GARCH model. In
its simplest representation, a GARCH (1,1) model, is de-
fined by:

ht = ω + α1ε
2
t−1 + β1ht−1 (20)

We use ARCH to test for volatility in our agent-based
model. The results are shown in Table 4 and Table 5. Ta-
ble 4 shows that there are ARCH effects of the return of the
fundamental value while from Table 5 we can see that there
are GARCH effects of returns of the market price.

Table 4: ARCH effect

 

 

 
ARCH test 

F-statistic 474.0514 p-Value 0.00 

Obs R-squared 772.8457 p-Value 0.00 

Table 5: GARCH test for market price
 

 

GARCH test 

F-statistic 474.0514 p-Value 0.00 

Obs R-squared 321.9312 p-Value 0.00 

 

The ARCH-GARCH methodology reflects instability of
volatility in time. The reference scheme is an autoregres-
sive scheme in which we allow for the conditional standard
deviation to evolve endogenously. We notice that it is about
a specification that takes into account some stylized facts
like persistence of financial returns.

Fact 3: Volatility Clustering

The pattern that we want to explore is the fact of volatil-
ity clustering in which large changes tend to follow large
changes, and small changes tend to follow small changes.[25]

The volatility clustering is one of the important stylized
facts of finance time series data. The cause of this prop-
erty is the interaction between the heterogeneous investors;
in our case: the fundamentalists, the noise traders and the
loss adverse traders.

As showed in Figure 7 is remarkable so is indeed generated
by the investors’ trading just as observed in real markets. As
a consequence, we find that the price formation and the sta-
tistical properties of the simulated return were closer to the
dynamics and properties of the real financial data.

Figure 7: The Volatility Clustering

The conclusions derived from our research generally con-
firm the results of prior papers conducted by different re-
searchers. Martinez-Jaramillo[22] point out that fat tails, au-
tocorrelation and volatility can be main factors to test the

validity of the agent-based models. Liu et al.,[27] show
that investors’ switching between chartist and fundamental-
ist strategies is the main reason that lead to volatility cluster-
ing and the emergence of fat-tailed returns. Similar results
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are present in most financial data.[14, 28]

As noted above, we show that the investors in Tunisian fi-
nancial market are truly bounded by the movement of the
market, since the tuning on the variable effect very sharply
on the comparison to the real data. Our results illustrate that
our artificial stock market is able to replicate several statis-
tical proprieties observed in real one. In another hand, by
knowledge on our structure of artificial market, we can find
an important explication about market process in Tunisian
Stock Exchange.

6 Summary
Recently, different structural models try to explain the com-
plex behaviors of financial markets have received much at-
tention. Artificial Intelligence as well as in exacting com-
putational paradigm have been used to solve several finan-
cial problems. The heterogeneous agent literature allow for
computational models which can reveal the causal dynamics
in a world comprised of a number of heterogeneous agents

which interact trough some trading mechanism, while pos-
sibly learning and evolving. Specifically, agents in real fi-
nancial market base their current behavior partly on their
past experience and partly on perceived market characteris-
tics, which their past individual behavior has helped to de-
termine. Particularly, the multi-agent models describing the
artificial financial market are expected to offer us a way to
analyze the behavior of agents in the market.

The preliminary results of this paper show that the artificial
market approach is effective for understanding real financial
markets. Based on the heterogeneous beliefs in artificial, we
can make a support system for decision making in terms of
market dynamics. With this agent-based artificial financial
market model, we could make many further researches. For
example, we could analyze the possible effects if a new type
of investors joins in the market. Alternative, we can analyze
the effects if a certain type of investors changes the deci-
sion making principle. These researches will be helpful for
us to predict the possible changes to the dynamic financial
markets.
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Stocks from the Index? The European Physical Journal-Condensed

20 ISSN 1927-6974 E-ISSN 1927-6982

http://dx.doi.org/10.1016/S0167-2681(02)00065-3
http://dx.doi.org/10.1016/S0167-2681(02)00065-3
http://dx.doi.org/10.1038/nphys1163
http://dx.doi.org/10.1080/713665670
http://dx.doi.org/10.1080/713665670
http://dx.doi.org/10.1016/0165-1889(92)90053-H
http://dx.doi.org/10.1016/0165-1889(92)90053-H
http://dx.doi.org/10.1016/j.physa.2013.07.050
http://dx.doi.org/10.1016/j.physa.2013.07.050
http://dx.doi.org/10.1142/S0219024900000826
http://dx.doi.org/10.1142/S0219024900000826
http://dx.doi.org/10.1016/j.jebo.2004.07.022
http://dx.doi.org/10.1016/j.jebo.2004.07.022
http://dx.doi.org/10.1016/j.jedc.2011.10.004
http://dx.doi.org/10.1016/j.jedc.2011.10.004
http://dx.doi.org/10.1016/j.jedc.2007.01.001
http://dx.doi.org/10.1016/j.jedc.2007.01.001


www.sciedu.ca/air Artificial Intelligence Research 2015, Vol. 4, No. 2

Matter and Complex Systems. 2010; 73: 23-28. http://dx.doi.o
rg/10.1140/epjb/e2009-00358-1

[24] Manahov V, Robert H. Herd Behavior Experimental Testing in Lab-
oratory Artificial Stock Market Settings: Behavioral Foundations
of Stylised Facts of Financial Returns. Physica A: Statistical Me-
chanics and its Applications. 2013; 392(19): 4351-4372. http:
//dx.doi.org/10.1016/j.physa.2013.05.029

[25] Engel F. Autoregressive Conditional Heteroscedasticity with Esti-
mates of the Variance of United Kingdom Inflation. Econometrica.
1928; 50(4): 987-1007.

[26] Bollerslev T. Generalized Autoregressive Conditional Het-
eroskedasticity. Journal of Econometrics. 1986; 31(3): 307-327.
http://dx.doi.org/10.1016/0304-4076(86)90063-1

[27] Liu Y, Chao X, Zhang W, et al. Impact of information cost and
switching of trading strategies in an artificial stock market. CNRS,
Centre d’Economie de la Sorbonne. 2013: 1-12.

[28] Brock W, Hommes C. Heterogeneous Beliefs and Routes to
Chaos in a Simple Asset Pricing Model. J. Econ. Dyn. Control.
1998; 22: 1235-1274. http://dx.doi.org/10.1016/S0165-1
889(98)00011-6

Published by Sciedu Press 21

http://dx.doi.org/10.1140/epjb/e2009-00358-1
http://dx.doi.org/10.1140/epjb/e2009-00358-1
http://dx.doi.org/10.1016/j.physa.2013.05.029
http://dx.doi.org/10.1016/j.physa.2013.05.029
http://dx.doi.org/10.1016/0304-4076(86)90063-1
http://dx.doi.org/10.1016/S0165-1889(98)00011-6
http://dx.doi.org/10.1016/S0165-1889(98)00011-6

	Introduction
	Statistical properties of financial data
	Markets with agent-based models
	Fundamentalist traders
	Noisy traders
	Loss-averse traders

	Simulation results and analyses
	Stylized facts in financial return
	Summary

