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Abstract: The only way to make a major advance in finance modeling is to explore entirely new approaches
rather than make incremental modifications to existing models. The purpose of our research is precisely to build
models and perform analysis of the economy as a complex system prone to sudden and major changes. This
includes the collection of new methods of empirical analysis, and the development of new mathematical and
computational tools. This effort will be guided by emerging new conceptual paradigms such as network theory,
behavioral economics and agent-based modeling, and empirically grounded by laboratory experiments and
micro data. By combining these ideas into a practical simulation and forecasting tool, we aim at building the
foundations of a new paradigm within finance.
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. Introduction

The traditional finance paradigm seeks to understand financial markets using models in which agents
are “rational”. First, rationality means that when they receive new information, agents update their beliefs
correctly, in the manner describe by Bayes’ law. Second, given their beliefs, agents make choices that are
normatively acceptable, in the sense that they are consistent with Savage’s notion of subjective expected utility.
The world economy is in the midst of a global financial crisis, caused by a mix of a global asset price bubbles,
overwhelming irrational exuberance and systemic mistakes of economic agents and financial market
participants. Against this background, the standard financial theory, based on the efficient market hypothesis
and rational representative agent paradigm, seems to be losing touch with reality.

Simon (1991) has emphasized the importance of bounded rationality, taking into account the limited
ability of agents to adapt optimally, or even satisfactorily, to complex environments. Paradoxically, it is hardly
rational to attempt being perfectly rational. Indeed a new paradigm based on behavioral models of decision
under risk and uncertainty is beginning to crowd out the traditional view based on complete rationality of all
market participants. Furthermore, many empirical and experimental works has quite successfully challenged the
traditional view of efficient markets and the long-sustained belief in market rationality (Campbell, 2000;
Hirshleifer et al., 2002).

Behavioral finance challenges the rationality assumption and aims to improve the understanding of the
financial markets by finding that investors’ decisions contradict the expected utility theory of Von Neumann and
Morgenstern (1944).This theory supposes two important aspects of investors and the market at large. In other
Words, behavioral finance in a broad sense is divided into macro behavioral finance and micro behavioral
finance (Pompian, 2006). Macro behavioral finance discloses and describes anomalies of efficient market
hypotheses that could be explained by models of traders’ behavior. Micro behavioral finance analyses behavior
and deviations of individual investors’, which separates them from rational agents for acting according to stern
mathematical statistic models (Jurevieiene et al., 2012).

The traditional and the behavioral finance model, however, share one important feature: They are both
based on the notion of a representative agent though this mythological figure is dressed differently. Evolutionary
finance suggests a model of portfolio selection and asset price dynamics that is explicitly based on the idea of
heterogeneity of investors. Indeed, the hypotheses of rationality and homogeneity are normally invoked so that
the agents’ individual behavior can be neglected and strategies have all to be equal. The debates in finance about
market efficiency and rationality are still unresolved. Hommes (2006) states that the perfect knowledge about
the environment in a heterogeneous world implies that a rational agent has to know the beliefs of all other
irrational agents. In their paper, “Evolutionary dynamics in markets with many trader types”, Brock et al. (2005)
analyze the dynamical behavior of an asset market as the number of buyer and seller’s types tends to infinity. A
large type limit result is established in a rigorous mathematical fashion.

As an alternative, taking individual interactions into account, agent-based Artificial Stock Market
modeling has developed rapidly over the last 20 years. Since the first agent simulation model used to study
financial markets, a growing literature has recently described how to study the price dynamics of markets caused
by the investors’ behavior via agent-based models. In general, the agents’ behavior is time-varying and agents
can choose different trading strategies according to some rules. Beginning with the development of the Santa-Fe
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Institute agent-based Artificial Stock Market model (Arthur et al., 1997; LeBaron et al., 1999; Ehrentreich,
2006), and the Genoa Artificial Stock Market (Raberto et al., 2001; Cincottiet al., 2005, 2011), theagent-based
modeling is developed to facilitate the understanding of some areas that traditional homogeneous models cannot
explain very well (LeBaron, 2006; Lux, 2009; Chen, 2012). The paper is organized as follows. A brief standard
financial theory literature review is provided in Section 1. Section 2 is devoted to intuitive presentation of the
behavioral finance and the principals’ behavior bias. In Section 3, we give a general discussion about agent-
based financial models as an alternative.

I1.  Market efficiency and perfect rationality

The proposition that has dominated finance for over 30 years is efficient market hypothesis. There are
three basic theoretical arguments that form the basis of this hypothesis. The first and most significant one
assumes that investors are rational and by implication securities are valued rationally. The second one is based
on the idea that everyone takes careful account of all available information before making investment decisions.
The third principle states that the decision maker always pursues self-interest (Nik, 2009). Fama (1965)
demonstrates that if market securities are populated by many well-informed rational investors, investments will
be appropriately priced and will reflect all available information. In traditional models, rational investors make
efficient use of this information; their decision making is based on utility functions with beliefs. Thus, such
representative investor holds correct beliefs and is an expected utility maximizer.

It is common to distinguish among three versions of the EMH: the weak, semi-strong, and strong forms
of the hypothesis. These versions differ by their notions of what is meant by the term “all available
information.”The Weak form efficiency, in this case, the relevant information set comprises all current and past
prices. This version of the hypothesis implies that trend analysis is fruitless. Past stock price data are publicly
available and virtually costless to obtain. Semi-strong form efficiency asserts that the asset market is efficient
relative to all publicly available information. Such information includes, in addition to past prices, fundamental
data on the firm’s product line, quality of management, balance sheet composition, patents held, earning
forecasts, and accounting practices. Finally, the Strong form efficiency states that stock prices reflect all
information relevant to the firm, even including information available only to company insiders. This version of
the hypothesis is quite extreme. Few would argue with the proposition that corporate officers have access to
pertinent information long enough before public release to enable them to profit from trading on that
information.

Many standard economic models are based on the postulates of the agent who is rational in the full
sense of the term. The agent gathers all available information which is relevant to a decision. Baltussen (2009)
says that “rationality means that economic agents make the best choices possible for themselves”. The efficient
market hypothesis is associated with the idea of a “random walk,” which is a term loosely used in the finance
literature to characterize a price series where all subsequent price changes represent random departures from
previous prices. The logic of the random walk idea is that if the flow of information is unimpeded and
information is immediately reflected in stock prices, then tomorrow’s price change will reflect only tomorrow’s
news and will be independent of the price changes today. But news is by definition unpredictable and, thus,
resulting price changes must be unpredictable and random. As a result, prices fully reflect all known
information, and even uninformed investors buying a diversified portfolio at the tableau of prices given by the
market will obtain a rate of return as generous as that achieved by the experts.

By the start of the twenty-first century, the intellectual dominance of the efficient market hypothesis
had become far less universal. Many financial economists and statisticians began to believe that stock prices are
at least partially predictable. A new breed of economists’ emphasized psychological and behavioral elements of
stock-price determination, and came to believe that future stock prices are somewhat predictable on the basis of
past stock price patterns as well as certain “fundamental” valuation metrics. Moreover, many of these
economists were even making the far more controversial claim that these predictable patterns enable investors to
earn excess risk-adjusted rates of return.

Most criticisms of the “Homo-economics” are based on three underlying assumptions. 1) Perfect
rationality, in this context, rationality is not always the first driver of human decision making. As many
psychologists believe, the human intellect is subservient to human emotions. 2) Perfect Self-Interest. This
assumption is strongly connected with the previous one. Sometimes people are subject of impulses and
emotions; hence, they perform volunteering, helping the needy even if it contradicts the wealth maximization
objectives. However, that might well fit with utility function integrating this altruistic dimension. Agents are
then no longer selfish as they are usually described. 3) Perfect Information. In the world of investment, there is
nearly an infinite amount to know and learn because even the most successful investors do not master all
disciplines.
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I1l.  An alternative behavioral finance

Since the early 1980s, there has been a movement toward incorporating more behavioral science into
finance. The proponents of behavioral finance cite several key areas where the reality seems to be most at odds
with the efficient market hypothesis. This approach can be viewed as another answer to the extremely unrealistic
assumptions of the efficient theory. To provide some suggestion as to how address this deficiency, behavioral
theory proposes to employ the insight of behavioral sciences such as psychology and sociology into finance.
Although still being the benchmark of finance, the traditional financial view has been made into question by a
new paradigm, the “behavioral finance”. Behavioral finance is based on the notion of bounded rationality, in
which a person utilizes a modified version of rational choice that takes into account the limitations of
knowledge, cognitive issues and emotional factors (Barberis and Thaler, 2003; Ricciardi, 2004).
Hon-Snir et al. (2012), in their study, found out that more proficient investors are less affected by the behavior
biases. The authors examined five behavioral biases in decision making process in the Stock Market and
discussed the differences of possible individual solutions due to these behavioral deviations: Disposition effect,
Herd Behavior, Availability heuristic, Gambler’s fallacy and hot hand fallacy. Rekik and Boujelbene (2013)
show that herding attitude, representativeness, anchoring, loss aversion, and mental accounting all influence the
Tunisian investors’ perception of their decision making processes. On the other hand, the authors have
mentioned the absence of overconfidence bias in the Tunisian Stock Market. In fact, Tunisian investors seem to
be under-confident, hesitant and very sensitive to others’ reactions and opinions. Their second finding explains
the fact that there is an interaction between demographic variables and financial behavioral factors. These
results have particularly provided us with the first profile of Tunisian investors’ behavior.
A large thread of literature of psychology and behavioral finance instigated by laboratory experiments of
Kahneman and Tversky (1973, 1974) suggest that economic behavior is often better explained by simple
heuristic rules and irrational biases rather than by dynamic optimization. These are summarized below.

Overconfidence

In their predictions, overconfident people set confidence bands overly narrow, which means they get
surprised more frequently than they anticipated (Shefrin, 2000). Overconfidence is a consistent tendency to
overestimate skills and the accuracy of one’s judgments. People often believe in their own superior knowledge
and put much more weight on private information, especially if they are personally involved in gathering and
assessing data, rather than on public signals, particularly when these are ambiguous. It is obvious that
overconfidence is an extremely relevant topic for financial markets. Investors overconfident about their trading
abilities are prone to pursue excessive trading (Odean 1998; 1999; Barber and Odean 2000; 2002), hold under-
diversified portfolios (Goetzmann and Kumar 2008), or underestimate risk (De Bondt 1998). All these factors
are likely to imply higher transaction costs hand-in-hand with lower returns (Barber and Odean 2000). On the
other hand, one of positive implications of overconfident behavior might be the reduced tendency to herd
(Bernardo and Welch 2001).

Daniel et al. (1998) present a model of securities over and under-reaction based on overconfidence
which is defined as the overestimation of private signals precision. In their work, they reveal a tendency of
overconfidence to impact market prices and increase market volatility. Overconfidence in its simplest way could
be defined as “an inopportune belief toward a witnessed reasoning, judgment and the person's cognitive
abilities” (Sadi, et al., 2011, Chou and Wang, 2011).

Herd Behavior

Herding behavior in financial markets has attracted increasing attention over the past decade. The
literature defines herding as an obvious intent by investors to ignore their personal information and copy the
behavior of other investors leading them to trade in the same direction and thus moving in and out of markets as
a group (Nofsinger and Sias, 1999; Bikhchandani and Sharma, 2001). Even though such behavior among
investors can be driven by rational or irrational motives, it can clearly lead to market stress by pushing asset
prices away from their fair values as supported by the economic fundamentals, hence driving up market
volatility (Blasco et al., 2012).

Herding is sometimes considered as an opposite tendency to overconfidence regarding information
efficiency. In this context, Bernardo and Welch (2001) argues that thanks to overconfident individuals,
information “that would be lost if rational individuals instead just followed the herd” is preserved. Herd
behavior is the tendency individuals have to copy the actions of a large group irrespective of whether or not they
would make the decision individually.

Starting with Christie and Huang (1995) on U.S. equities, a number of studies in the literature have
utilized a measure of cross-sectional dispersion of stock returns and examined the relationship between return
dispersions and market return in order to make inferences on whether herding behavior exists. Later, the testing
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methodology by Christie and Huang (1995) was modified by Chang et al. (2000) and this modified
methodology has been employed in a humber of papers including Gleason et al. (2003) on commodity futures
traded on European exchanges, Gleason et al. (2004) on exchange traded funds, Demirer and Kutan (2006) and
Tan et al. (2008) on Chinese stocks, and more recently Demirer et al. (2010) on Taiwanese stocks and Chiang
and Zheng (2010) on global stock markets.

Anchoring and adjustment

The anchoring effect was first introduced by Tversky and Kahneman (1974) and is described as the
heuristics implemented when making judgments under uncertainty. In numerical prediction, when a relevant
value is available, people make estimates by starting from an initial value that is adjusted to yield the final
answer. The anchor may be suggested by the formulation of the problem, or it may be the result of a partial
computation. In either case, adjustments are typically insufficient. The anchoring effect has attracted much
attention and has been applied in several research works. However, few research studies have taken a look at the
anchoring effect in the financial markets. Fisherand (2000) used forecasts based on P/E ratios and dividend
yields to discuss the anchoring bias in market forecasts.
Torngren and Montgomery (2004) examined the differences between performance and the confidence of
professionals and lay people in the stock market. They concluded that persons are usually influenced by the
historical price movements of stocks, implying that past movements serve as anchors for their expectations. In
addition, Kaustia et al. (2008) explored the effect of anchoring bias on long-term stock return expectations.
Based on their experiments, they concluded that, whether participantsare students or professionals, their
estimates are affected by an initial value. More recently, Cen, et al. (2013) explore the role of anchoring bias in
analysts’ earnings forecasts. It was found that the forecast median industry EPS serves as an anchor, showing
that analysts’ earnings forecasts for firms with a low forecast EPS vis-a-vis the industry median are more
optimistic than firms with a high forecast EPS.

Representativeness

The representativeness heuristic is a psychological bias which means that, under uncertainty, investors
are prone to believe that a history of a remarkable performance of a given firm is “representative” of a general
performance that the firm will continue to generate into the future. Investors subjects to this heuristic overreact,
thus, to salient and similar information about firms past performance such as similar consecutive earnings
surprises. According to Shefrin (2000), representativeness heuristic is a judgment based on stereotypes.
Representativeness is high when an observation fits the pattern (Goldberg and Nitzsch, 2001).

To validate the behavioral models with representativeness heuristic, one needs to examine the long-run survival
of traders with such heuristic.

Although there are few studies exploring the contribution of the representativeness to explain the
investor behavior, their empirical results are mixed. Some psychological and experimental studies show that this
concept is not convenient to detect the individual behavior in real economic states (Charness et al., 2010). In
contrast, other studies which lie within the behavioral finance approach find that this heuristic affects the
investor’s decision when evaluating stocks (Barberis, et al., 1998; Bloomfield and Hales, 2002; Frieder 2004,
2008; Kaestner, 2006; Alwathainani, 2012). Boussaidi (2013) tried to explain the investor overreaction by the
representativeness heuristic. However, the behavioral literature refers to two other biases which can account for
it: the self-attribution and the overconfidence. The authors suggest that investors overreact to their private
information and under-react to public information. Thus, it would be appropriate to explore this perspective.
Recently, Guo (2013) constructs an analytical model of a competitive securities market to examine the survival
of representativeness heuristic traders in competition with rational traders. Guo (2013), show that without the
presence of noise traders, heuristic traders will be driven out of the market by rational traders due to their
representativeness heuristic. However, with the presence of noise traders, heuristic bias gives heuristic traders an
advantage over rational traders when exploiting the misevaluations through the impact of their up dated mean
and variance on their relative profitability to rational traders. Consequently, heuristic traders can make more
expected profit than rational traders. If the traders’ types replicate according to the profitability of their
strategies, heuristic traders can survive or even drive out rational traders

Mental Accounting

Another bias entering into investing is the so called mental accounting, referring to the tendency for
people to separate their money into separate accounts based on a variety of subjective criteria such as the source
of the money and the purpose for each account (Thaler, 1985, 1989). Thaler (1999) note that mental accounting
includes three components. The first compartment of mental accounting captures how outcomes are perceived
and experienced, and then how decisions are made and subsequently evaluated. The second part of mental
accounting assigns the activities to specific accounts. It keeps track of inflow and outflow of funds from each
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specific activity. The third component is concerned with the frequency with which accounts are evaluated.
Accounts can be balanced on a daily, weekly, monthly, or yearly basis.

With reference to the theory, individuals assign different functions to each asset group, which often has an
irrational and detrimental effect on their consumption decisions and other behavior. The mental accounting bias
also concerns investing. For example, some investors divide their investments between a safe investment
portfolio and a speculative portfolio in order to prevent the negative returns that speculative investments may
have from affecting the entire portfolio. The problem regarding such practice is that despite all the work and
money that the investor spends to separate the portfolio, his net wealth will be no different than if he had held
one larger portfolio.

Loss aversion bias

Loss aversion is a pervasive phenomenon in human decision making under risk and uncertainty,
according to which people are more sensitive to losses than gains. It plays a crucial role in Prospect Theory
(Tversky and Kahneman, 1974, 1992). A typical financial example is in investors’ difficulty to realize losses.
Behavioral explanations, in particular loss aversion, have been used to explain why a high equity premium
might be consistent with plausible levels of risk aversion. Loss-averse decision makers have preferences over
gains and losses relative to a reference point rather than overall wealth. Typically, such preferences display a
kink at the reference point, with the slope of the utility function over losses being steeper than the slope of the
utility function over gains. For a given absolute loss or gain, this implies a first-order difference between the
decrease in utility due to a wealth loss and the increase inutility due to a wealth gain of equal magnitude. Thus,
this non-differentiability of the utility function at the reference point is loosely analogous to locally high risk
aversion. This type of loss-averse utility provides a possible explanation why investors may prefer safer bonds
with low returns to riskier equities with high returns. Shefrin (2000) calls this phenomenon “ger-evenitis, ” that
is, people hope that markets will work in their advantage and that they will be able to terminate their investment
without incurring any losses.

Engelhardt (2003) investigates the effects on household mobility. Using data from the NLSY on
household moves across multiple metropolitan areas in the U.S., Engelhardt finds that nominal loss aversion
significantly restricts household mobility, while low equity because of fallen house prices does not. Ferreira et
al. (2008) find similar results using data from the American Housing Survey. More recently, Paolo (2014) study
equilibrium trading strategies and market quality in an economy in which speculators display preferences
consistent with Prospect Theory (Kahneman and Tversky, 1979, 1992). Loss aversion induces speculators to
trade less (more), and less cautiously (more aggressively), with their private information, but also makes them
less (more) inclined to purchase private information when it is costly, in order to mitigate (enhance) their
perceived risk of a trading loss. The author demonstrate that these forces have novel, nontrivial, state-dependent
effects on equilibrium market liquidity, price volatility, trading volume, market efficiency, and information
production.

Disposition Effect

The disposition bias is the anomaly that investors seem to hold on to their losing stocks to a greater
extent than they hold on to their winning stocks (Schlarbaum et al., 1978; Shefrin and Statman, 1985; Weber
and Camerer, 1998). Grinblatt and Han (2005) propose a model which incorporates disposition effect, the
tendency of investors to hold onto their losing stocks and sell their winners, leads to stock return momentum.
Empirically, the capital gains overhang variable designed to capture the role of disposition effect in momentum
is able to explain away the predictive ability of past returns. A key implication of the Grinblatt and Han model is
that the predictability of capital gains overhang would be stronger for stocks with greater proportion of
disposition prone investors.

Newton et al. (2013) examines whether investing experience can dampen the disposition effect, that is,
the fact that investors seem to hold on to their losing stocks to a greater extent than they hold on to their winning
stocks. To do so, the authors devise a computer program that simulates the stock market. They use the program
in an experiment with two groups of subjects, namely experienced investors and undergraduate students. As a
control procedure, they consider random trade decisions made by robot subjects. Newton et al. (2013) finds that
though both human subjects show the disposition effect, the more experienced investors are less affected.

Availability bias

The availability heuristic (Tversky and Kahneman, 1973) describes how a person evaluates the
probability of events by the ease with which relevant instances come to mind. Faced with thousands of stocks to
choose from and assimilating large amounts of information, individual investors are forced to rely on cognitive
shortcuts and heuristics. Another example is the repurchasing of stocks previous owned and sold for a gain
(Strahilevitz et al., 2011). Strahilevitz et al. (2011) find that individual investors frequently repurchase a stock
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previously sold for a gain. They argue that this comes from a simple form of learning whereby investors repeat
actions that previously resulted in pleasure while avoiding actions that previously led to the pain of regret.

IV.  The new paradigm - Agent based systems

Much of the mainstream underlying the financial theory draws upon the efficient market hypotheses
and the rational representative agent paradigm. The conflict of traditional models calls for new approaches
which allow for the particular properties of financial markets and facilitate a deeper understanding of financial
dynamics. Agent-based modeling represents such an approach (Tesfatsion and Judd, 2006). Agent-based models
of financial markets simulate financial markets by replicating the behavior of individual agents and their
interaction. They enable the implementation of findings from the field of behavioral finance and, thus, can
account for irrational motives (LeBaron, 2006; Hommes et al. 1998; Lux et al. 2000; Hommes, 2006; Chiarella
2009; Kefan et al., 2010; Hachicha et al., 2011; Manahov et al., 2013).

Table: The comparison of Standard theory and Agent-Based approaches

Neoclassical economics Agent-Based Models
Fully-informed Limited access to information
Market participant are rational Participant has bounded rationality
Participant interact only Participant interact directly with one another
indirectly through markets
Focus on equilibrium outcomes Focus on dynamics

The ability to learn about one's environment
From gathered information, past experiences, social mimicry.

In recent academic financial literature, the representative agent approach and the Efficient Market Hypothesis
(Fama, 1970) together with the Rational Expectations Hypothesis (Muth 1961; Lucas, 1978), which have
dominated the field in the past, are being replaced by more realistic agent-based computational approaches. The
desire to build financial theories based on more realistic assumptions lead to the application of computational
approaches that allow traders’ heterogeneity, irrationality and market non-equilibrium dynamics to financial
problems. New so-called computational paradigm bridges the gap between a human and computer systems.
These disciplines use different computational techniques, such as artificial life, fuzzy logic, collaborative
intelligence, neural networks, instant-based techniques, agent-based modeling Chen et al. (2007), Lacay and
Peffer (2010) and other areas of artificial intelligence to solve complex financial problems.

In this section, we give an overview of a number of existing agent-based models of financial markets, and
explain them in terms of the proposed conceptual model. Even though most agent-based models incorporate
some behavioral aspects into the agents’ implementation, the last two examples given in this overview are
interesting because they have explicitly accounted for a number of behavioral finance topics. Overviews of
artificial financial markets from different perspectives can also be found in LeBaron (2006), Levy et al. (2000)
and Boer et al. (2005).

Adaptive Belief Systems (Brock and Hommes (1989))

Brock and Hommes (1989) investigate market dynamics in a simple present discounted value asset
pricing model with heterogeneous beliefs. The authors investigate possible bifurcation routes to complicated
asset price dynamics, by using a mixture of bifurcation theory and numerical methods. A few simple belief types
are considered in the experiments. Brock and Hommes (1989) present numerical evidence of chaotic attractors
when the intensity of choice to switch prediction strategies is high. The paper shows how an increase in the
intensity of choice to switch predictors can lead to market instability and the emergence of complicated
dynamics for asset prices and returns. This includes irregular switching between phases where prices are close to
the fundamental value, phases of optimism where traders extrapolate upward trends, and phases of pessimism
where traders are causing a sharp decline in asset prices (Brock and Hommes, 1989).

Switching model (Lux (2000))

Lux (2000) describes a financial market with a fixed number of fundamentalist and chartists.
Fundamentalists’ trading is based on fundamental value. They buy when the current market price is below the
fundamental value. Chartists or technical traders pursue a combination of imitative and trend following strategy.
The author presents a possible explanation for volatility clustering in multi-agent framework using a switching
principle in strategy choice. To summarize, Lux’s model generates all of the mentioned stylized facts of
financial markets endogenously through the interaction of the agents. The author argues that the source of
volatility clustering and leptokurtotic return distributions is the switching between chartist and fundamentalist
strategies. Statistical investigation of the simulated time series showed that the main stylized facts can be found
in the artificial market modeled by Lux (2000).
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Microscopic Simulation (Levy et al. (2000))

Levy, Levy, Solomon’s model is a prominent model of the financial market based on the microscopic
simulation approach which has roots in physics. It is a numerical model developed in the framework of expected
utility maximization. In this paper, we have focused on the variant of the model presented in Levy et al. (2000).
One of the main results of the simulations is that investors who use past information create cyclic bubbles and
crashes which can be related to the size of their memory window. This happens in the case when investors are
homogeneous with respect to their memory lengths. When investors are heterogeneous in memory lengths, the
market dynamics becomes more realistic in the sense that it does not display such prominent and semi-
predictable bubbles. Levy et al. (2000) have also applied this model to investors who are characterized by
Prospect Theory type of preferences.

Investment Systems Based on Behavioral Finance (Takahashi and Terano (2003)

Although various behavioral aspects of agents, including investor biases, have been studied in earlier
literature, the model of Takahashi and Terano (2003) is to our knowledge one of the first agent-based models
that explicitly studied a number of investor biases proposed in the behavioral finance literature. When the
market consists of the same number of fundamental and technical traders, the market price correlates with the
fundamental price. However, when there is a large fraction of technical traders in the market, the market price
deviates largely from the fundamentals and fundamentalists are eventually eliminated from the market. There
are also deviations from the fundamental price in the case of overconfident investors and when non-
fundamentalists act asymmetrically towards losses.

SimStockExchange Model (Hoffmann et al. (2007)

Following the tradition of Takahashi and Terano (2003), the paper of Hoffmann et al. (2007) is another
study that combines a number of behavioral phenomenawithin an agent-based simulation of the financial
market. Hoffmann et al. (2007) focus especially on the social aspects of investor behavior and
studyconsequences of two distinct network topologies. The results of the simulations indicate that the structure
of the social network of investors influences the dynamics of the prices. When investors were forming a
Barabasi and Albert scale-free network, there was no indication of volatility clustering in the market, but when
they were forming a torus network, such evidence was found. The authors speculate that networks of investors
may behave more like networks with respect to information diffusion, and that information may sometimes take
longer to travel to distant parts of the networks, allowing the old shocks to influence the presence for a
considerable period of time (Hoffmann et al., 2007).

Genoa Artificial Market (Cincotti et al. (2011)

In their paper, a multi-assets artificial financial market populated by zero-intelligence traders with finite
financial resources is presented. The market is characterized by different types of stocks representing firms
operating in different sectors of the economy. Zero-intelligence traders follow a random allocation strategy
which is constrained by finite resources, past market volatility and allocation universe. Within this framework,
stock price processes exhibit volatility clustering, fat-tailed distribution of returns and reversion to the mean.
Moreover, the cross-correlations between returns of different stocks are studied using methods of random matrix
theory. The probability distribution of eigen-values of the cross-correlation matrix shows the presence of
outliers, similar to those recently observed on real data for business sectors. It is worth noting that business
sectors have been recovered in our framework without dividends as the only consequence of random restrictions
on the allocation universe of zero-intelligence traders. Furthermore, in the presence of dividend-paying stocks
and in the case of cash inflow added to the market, the artificial stock market points out the same structural
results obtained in the simulation without dividends. These results suggest a significant structural influence on
statistical properties of multi-assets stock market.

In short, making strong assumptions in standard financial models may have been about the only way to
make theoretical generalizations about the market behavior. But now that the growing computing power and
advancing computational methods have enabled researchers to relax some of those assumptions, economics and
finance are witnessing an important paradigm shift towards a behavioral, agent-based approach. According to
this approach, markets are seen as complex dynamical systems consisting of heterogeneous learning, irrational
heterogeneous agents.

V.  Conclusion
Financial market regulation is based on the classical theoretical paradigm of individual rationality,
which requires, among other things, that investment choices are made after acquiring and processing all the
available information, on the basis of pre-existent, stable and consistent preferences and by using a cognitive
process of utility maximization. Global economic and financial problems caused by the disorderly unwinding of
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imbalances that had been accumulating over decades cannot be easily reconciled with the efficient market
paradigm based on rational expectations and perfectly rational representative agent assumptions.

However, individuals do not act rationally, nor do they seem able to acquire and correctly process the
available information. Vice versa, when choosing under uncertainty, they seem inclined to apply rules of thumb
that allow simplifying problems. Moreover, preferences do not appear stable and well-defined since they may
change depending on whether prospects of loss or gains prevail and according to the presentation format. These
factors lead to systematic evaluation errors as well as violations of the assumption of rationality. Paradoxically,
it is hardly rational to attempt being perfectly rational. Moreover, a large thread of literature of psychology and
behavioral finance suggest that economic behavior is often better explained by simple heuristic rules and
irrational biases rather than by dynamic optimization.

While psychology studies behavioral biases in order to understand how they arise and manifest
themselves, behavioral finance aims to understand how they aggregate across individuals, whether they have
impact on the market dynamics and ramifications for investor performance. In order to study such implications
of investor biases, it is important to understand the most relevant aspects of investor behavior as well as the
environment in which they are operating. Although there is a significant body of literature on those topics, not
much attempt has been made to conceptualize and give more structure to this body of knowledge. In this
situation there is actually a growing need to look for a replacement for financial and macroeconomic models
based on heroic assumptions.

This paper advocates the view that agent-based financial modeling, which models financial markets as
complex dynamical systems consisting of interacting heterogeneous agents, can potentially become a viable
alternative. This agent models inspired by cognitive ability, personality traits and culture are concerned with
mechanisms which generate human decision and behaviors, and which have to a large extent and for a long time
been considered as a black box.
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