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Abstract

This thesis empirically tests an heterogeneous agent model containing a fundamentalist, chartists and
noise trading regime on a sample of the AEX, BEL20, CAC40, DAX30 and FTSE100 stock index.
The results indicate the model to be insufficient in explaining price movements of these indices.
However there is reason to believe these regimes occupy the market and the fundamentalist and
chartist regime interchange agents expectations. The influence of the market maker of the London
Stock Exchange is not prominent. Probably through the weekly frequency of the data. Movements in

agents expectations indicate the chartist believes to have big influence on price movements.
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1 Introduction

Since the second half of the 20" century financial and economic theory has pretty much been
dominated by the ideas of efficient markets and rational agents. The rational type of agents were
considered to be the only ones capable to survive in the economic environment. Because of this
proclaimed survival bias theories and model could be created based on the approximation of the
rational. At the last part of the 20" century and the beginning of the 21 century the influence of
agents that do not act fully rational came back into account. The assumptions underlying the survival

hypothesises seemed to be to constraining when they were put in real economic environments.

This change of scope has put forth new light on human behaviour in economic and financial
environments. The influence from psychology has played a great role in these new kind of studies.
New models which try to explain economic and financial phenomena were found creation within the
context of behavioural economics. These models came in various forms, because there are few ways to
be rational but many to be irrational. The first years of model development within financial markets
have been characterised by constructing and calibrating models to fit stylised facts of the financial
markets. In the period this thesis is written many models based on heterogeneous agents with bounded
rationality have known creation. After establishment within computer simulated worlds some of these
models have been taken towards the real financial world. The most popular ground for this step in
evolution is probably the foreign exchange market. The enormous amounts traded each day within the
FOREX markets and the skewed distribution of the exchange rates indicate the markets are not fully
efficient. The FOREX market is not only known for speculation. They contain traders which put
possible profits on low(er) priority and survive because they are (solely) depended on the competition

and speculation within the markets.

Few attempts have been made to test the heterogeneous agent models (HAMSs) on stock market data.
The made attempts have focused mainly on stock market indices and in particular the United States.
Other scopes have been towards upcoming economies. One of the few attempts is the study of
Boswijk et al. (2007) which tries to explain movements in the S&P500 index. They estimate a form of
the adaptive believe system (ABS) created by Brock and Hommes(1997, 1998) which contains a mean
reverting fundamental and a trend following chartist regime on movements in the S&P500 index
between 1871 and 2003. The research of Chiarella et al. (2010) also tried to estimate changes in the
S&P500 price index with adjusted and extended version of the ABS model. Next to the fundamental
and an adjusted long term orientated chartist regime they added a noise trader regime. In line with the
extensions put forth by Chiarella and He (2003) they also investigated possible influence of market

makers on price adjustments of the index.



The study of de Jong et al. (2009) used the mechanism of the ABS to try to explain and forecast price
movements in the Hang Seng and Bangkok S.E.T indices in the period surrounding the Asian crisis.
Instead of explaining movements in the difference between price and the theoretical fundamental price
they directly try to explain movements in price with a model containing fundamentalists, chartists and
internationalists. This last group of traders proxies the international co-movements of fundamentals
underlying markets. Empirical research on agent based models still remain quite scarce.

To my knowledge, there has been no research on the fitness of HAMs on European indices. European
markets are quite interesting given their movements and integration. Take the recent credit crisis for
example which shows the downfall of Greece has influence on other European countries. The
historical position of Europe as a global player is also fascinating as the markets are influenced and
possibly strengthen. Events like black Monday which started in Hong Kong and found its way through
Europe towards the American market. The main question this thesis tries to answer is, if movements in
European stock market indices can be explained by heterogeneity of the agents that operate within
these markets. More specifically I will try to investigate if movements in European stock market
indices can be explained by heterogeneity in the strategies of the participants which operate within

them.

This thesis hypothesizes the movements in European stock indices can be approximated by the
heterogeneous agent model used in the research of Chiarella et al. (2010). This model contains a
variety of trading regimes which are theoretically grounded in behavioural finance and has a relatively
more realistic approximation of the financial market. The edge in realism comes forth out of the
addition of a market maker in influencing the price movements. As previously stated the model
contains fundamentalists, chartists, noise traders, a markets maker and a switching mechanism. The
HAM is approximated on a sample of compatible European stock indices. The compatibility
constraints are the European character, listing on the London Exchange, and the inclusion in
DataStream of the price and price earnings ratios of the indices. The indices which were found
compatible consist of the AEX, BEL20, CAC40, DAX30 and FTSE100 stock index. Previous
empirical studies on stock indices have little variety in their use of different indices. Most studies
investigate only one or two indices, explaining heterogeneity over lengthy periods, but not checking
their results in (many) other markets. This thesis tries to test the robustness of the used model and
benchmark past study results by testing the model on a relatively diverse sample in the sense of
number of indices and their length. Not constraining the results to a single index nor period. Checking

overall influence of different agents trading in the European market.



The thesis will continue in chapter 2 with a historical overview of the countered rational and efficient
theories, describe the survival within financial markets, and give different types of approximation of
human behaviour with heterogeneous agents models. This within the sight of validation of the scope of
this thesis and its choice of model. The chapter will end with an establishment within recent empirical
studies on heterogeneous agents. The chosen adaptive believe system with the adjustment which were
introduced by Chiarella and He (2003) will be explained in chapter 3. The sample and methodology of
this study will be discussed in chapter 3. The results can be found in chapter 5 and chapter 6 will
conclude.



2 Theory on Behavioural Finance and Heterogeneous Agents

The theory discussed in this chapter has multiple aims. The first paragraph sketches theory which until
shortly back in history has been considered the norm. This is followed by an explanation on the
shortcomings of these theories when they were put into practice. This in stressing the importance on
testing heterogeneous behaviour in and influence on financial markets. The second part of the chapter
tries to put this thesis in place in comparison with other studies on HAMs and especially the ones
testing the models on prices of stock indices.

2.1 Rational Agents within Efficient Markets

There has been acceptance about the fact that not all people act rational. But according to neoclassical
economic theory agents do act rational as a group. This should be caused by a survival of the fittest
within the market. And so the behaviour of consumers, investors and firms can be described as if they
are rational when estimating price movements. The survival of the rational agents in evolutionary
competition within the financial market, and the disappearance of the non-rational is known as the
Friedman Hypothesis (Friedman 1953). When for instance a stock is getting popular because of a
fortune tellers prediction, so (assuming) without any fundamental change, this does not have influence
on stock prices for a long period. On the short run demand goes up and prices will grow above their
theoretical value. Rational agents get aware of the overvaluation, sell (or go short) in the stock and
take an opposite position in a comparable stock. With this position they take advantage of a free
lunch®. Rational agents drive the overall demand down and the price back to fundamentals. Non-
rational agents have lost money and rational agents gained. The non- rational agents will not survive

evolutionary competition within the market.

The rational behaviour of agents is characterized by two aspects (Sargent 1993). The agents form
rational expectations and they optimize on the basis of micro economically founded principles
according to these rational expectations®>. Muth (1961) was the first in formulating a specific form of
the rational expectations hypothesis (REH). According to REH expectations are formed by informed
predictions of future events. The expectations are based on the information available in the market and
agents use relevant economic variables and theory for their valuation. They do not however posses the
same information, but on average the group of agents make the correct predications. Meaning there are
no systematic forecasting errors and the errors that do occur are normally distributed with a mean of
zero. Muth (1961) tested REH on a single market and found a partial equilibrium. The REH really
became popular when latter Nobel Prize winner Robert E. Lucas Jr. extended it to macro level and

applied it to general equilibrium situations (Lucas 1971).

! The opposite position in a similar stock is to neutralize fundamental risk. Making use of the mispricing of this
risk. Making money without any risk, a free lunch.
2 S0 for example, firms may maximize their profits and consumers maximize their utility.
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Because of the possibility to take advantage of mispricing, also known as arbitrage, prices can only be
shortly over- or undervalued. As valuation should be based on fundamentals, the price is driven by the
information on these fundamentals. And so in an efficient market prices should always “fully reflect”
available information and new information should be immediately incorporated (Fama 1970, 383).
This came to be known as the Efficient Market Hypothesis (EMH). Immediate incorporation of
information makes fundamental and technical analysis useless for stock picking. The EMH knows
three forms dividing among themselves in the information requirements. EMH’s weakest form only
requires past information to be incorporated. This is followed the addition of public information and
finally private information. The strongest form has been found to restrictive in reality by the advocates
of EMH. It requires the cost of information and trading to be nil to make the additional information
worthwhile and that is surely not the case in empirics (e.g. Grossman en Stiglitz (1980) and Fama
(1991)).

In the original proposition, efficient markets should follow a random walk as had been suggested by
Bachelier (1900) and after the upcoming of the computer empirically tested by Kendall (1953).
Information is the main driver of valuation and new information cannot be predicted. Else it concerns
past information and should be already incorporated in the price. Later in academic study the
assumption for returns to follow a random walk in an efficient market was laid down. Leroy (1973)
and Lucas (1978) showed that returns should have some predictability concerning the time-varying
risk of fundamental economic conditions. This influence from risk comes from the risk aversion of
agents. As people on average do prefer a certain 10 euro’s in comparison to a coin toss chance on 20.
In the case of risk aversion a random walk would only point out market inefficiency. A random walk

and market efficiency will jointly hold only in the case of risk neutrality.

The optimizing representative rational agent which forms his expectations and valuation on all
information available in the market became very popular in the seventies and eighties of the past
century. By averaging out human shortcomings, it became easier to form models and theories on basis
of homo economicus. You can only be rational in a few ways, but irrationality has wider boundaries.
For example, the EMH and the REH put strength on one of the most popular financial valuation tools,
namely the Capital Asset Pricing Model (CAPM) of Sharpe (1964) and Lintner (1965). As these
models were being formed the time came to test these models in practice. Through the results of
empirical tests rationality and market efficiency seemed to get some doubts. Once the CAPM became
tested in the financial market it seemed to have insufficient explanatory power. A measure of beta, the
coefficient trying to approximate systematic or market risk, seemed insufficient for explaining all the

occurring behaviour in prices.



Price to earnings (PE) ratios seemed to have additional explanatory power as low PE stocks
outperformed high PE stocks (e.g. Basu(1977) and Basu(1983)). In addition to this anomaly the size of
a company, as captured by its market capitalization, seemed to explain a part of the stock returns. This
effect remained even when there was a correction for the influence of PE ratios (e.g. Banz (1981) and
Basu (1983)). As a last example there seemed to be patterns in returns. In the short run there seemed to
be momentum as recent (low) high return stocks were followed by (low) high returns (Jegadeesh
1990). At the long run the opposite pattern found significance. Three to five year outperforming
returns were followed by poor returns and vice versa. This could not be explained by CAPM’s beta
(e.g. DeBondt and Thaler (1985) and Chopra, Lakonishok and Ritter (1992)).

As already stated by Fama (1970), EMH has the problem that it cannot be directly tested without
testing some sort of an equilibrium model. When the test is rejected, the joint hypothesis follows in the
problem of pointing out the source of the rejection, the model or EMH. Although the valid argument
of the joint hypothesis problem and some rational theory explanations for the anomalies®. People were

starting to doubt the EMH and REH. Debate was forming in the financial world.

Next to the rejection of EMH and REH based models there were also arguments against the market
characteristics. Milgrom and Stokey (1982) argue that if REH is a known fact and markets are efficient
nobody wants to trade. Everybody that does want to trade is either acts irrational or has private
information. Either way the order will be acted on with quite some scepticism. This no trade theorem
is in contrast with the high daily trade volume within real markets. Next to the anomalies concerning
return and volume there were also econometrists who claimed the existence of excess volatility in
stock prices (e.g. Shiller (1981) and LeRoy and Porter(1981)). They claimed the movements of stock
prices were higher than the movements of the fundamentals underlying them. As the models
underlying this statement have low power the existence of excess volatility is still debated until this
day. Some empirical phenomena put some trust in the possibility of the existence of these large
movements. For instance, the stock market crash of 1987 without any large news announcement is
hard to explain by homogenous rational agents theory. Another example is the phenomenon of large
aggregate movements within the S&P500 that not move together with big news announcements and
vice versa (Cutler, Poterba en Summers 1989). All in all the EMH and its rational agents did not seem
to explain the financial market perfectly. Slowly terrain was won by a new breed in finance. The more

human behaviour based finance.

® Like the 5-factor model of Fama and French (1992). They claim beta is insufficient in capturing risk and other
found “anomalies” are additional proxies for these risks.
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2.2 Limits to arbitrage

Keynes (1936) already argued in a behavioural sense about the importance of investors” sentiment and
market psychology within financial markets. It is difficult to calculate an objective measure cheaply, if
at all, from unsure market fundamentals. Information gathering is costly and theory states different

fundaments for valuation. A famous quote out of his work states:

‘Investment based on genuine long-term expectation is so difficult as to be scarcely practicable. He
who attempts it must surely lead much more laborious days and run greater risks than he who tries to
guess better than the crowd how the crowd will behave; and, given equal intelligence, he may make

more disastrous mistakes’ (Keynes 1936, 157)

The same line of thinking can be found in behavioural finance. This relatively new school of
economics believes the Friedman hypothesis does not perfectly hold in empirics. The reason for this
hypothesis rejection comes from the idea that arbitrage has its limits. Agents which calculate prices on
the basis of fundamentals do not always have the opportunity to take advantage of mispricing thanks
to these boundaries. Barberis and Thaler (2003) emphasize that if there is no mispricing there will be

no free lunch, but if the EMH does not hold it does not mean there are possibilities for riskless gains.

A first limit to arbitrage lies in the fundamentals itself. To take advantage of mispricing an opposite
position must be taken in a substitute asset. Given the rare existence of perfect substitutes®, there will
be fundamental risk from the possibly mispriced asset and the opposite position which will not be

diversified away. The fundamental risk puts constraints on the possibility of a riskless gain.

Second constraints are possible implementation costs like transaction costs and shorting constraints.
Some examples of transaction costs are commissions and bid-ask spreads that have to be paid when
buying stocks. Shorting constraints are the constraints which make a short position less attractive.
Think about stock borrowing fees which are commonly quite low (D’Avolio 2002) but can be much

larger. Another example is legal constraints which disable shorting as a whole®.

A third limit to arbitrage is noise trader risk. This risk named by DelLong, et al. (1990) is created by
the misperception or noise in the mind of less than rational traders. The idea relies on the time it can
take prices to return to their fundamental price. In the short run noise traders can worsen valuations

even further than they originally did. According to the Friedman hypothesis mispricing will not hold in

* If for example BP has an oil leak it will not have an impact to the same extend on BP’s asset prices in
comparison with Shells asset prices.

® A lot of pension and mutual funds have this disablement. These are large players and their constraint puts a
large part of the investments out of possible arbitrage.



the long run as arbitrage will bring prices back. This should result in gains for arbitrage strategies.
Should arbitrageurs however have short run horizons this will not always hold. The risk of having to
execute an arbitrage strategy position before it becomes profitable is the risk founded by noise.
Because of this risk the noise is able to cause mispricing even in the long run. The reason for short
investment horizons is explained by the separation of capital investors and lenders and the
professionals who invest this capital(Shleifer en Vishny 1997). If these capital suppliers evaluate the
professionals on the basis of short term returns® the short term losses can force the arbitrageur into

executing its position early.

Figure 2:1 Log deviations from Royal Dutch/Shell parity (Froot en Dabora 1999)
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Empirical evidence for the existence of these limits to arbitrage is scarce thanks to the joint hypothesis
problem discussed in chapter 2.1. There are however some persistent market phenomena that can
almost only be attributed to market inefficiency. One example is twin shares, which are different
shares with a claim on the same cash flows. As share prices can be calculated by discounting these
cash flows, the prices should be similar in ratio of the claim these shares have. This is however not the
case as can be seen in Figure 2:1 which shows the deviations from fundamental ratio (Froot en Dabora
1999). And with no fundamental risk or high implementation cost this mispricing should be accounted
to noise trader risk. A second example is the jump in price when shares are included in indices (e.g.
Harris and Gurel (1986), Shleifer (1986) and Wurgler and Zhuravskaya (2002)). There is no
fundamental news and a large portion of this jump is found to be permanent. This possible arbitrage
opportunity is limited by fundamental risk of the substitute share within the strategy and noise trader
risk which is possibly the cause of the jump. A last example is the sale of palm shares by 3Com. At the

time at which 5 percent of palm was offered in an initial public offering. 3Com shareholders had a

® Because they do not have the knowledge or confidence in the arbitrage strategies

8




claim on 1,5 palm share in the future offering of the remaining shares. The initial share price of palm
was however higher than 3Com’s share price. Given the future claim, the value of 3Com without Palm
would have been negative. The problem lied in the inability of the market to meet the demand for
shorts(Lamont en Thaler. 2003). The implementation costs where the cause of mispricing.

2.3 Heterogeneous Agent Models

The homogenous representative agent models did not seem to cut it in practice. Thanks to the limits to
arbitrage (2.2) there exist opportunities for agents which base their expectations not (only) on the
fundamentals that should be underlying prices. The heterogeneity in agents choices in forming market
expectations was confirmed by survey studies like Frankel and Froot(1987a, 1987b, 1990). The papers
of Frankel and Froot collected survey data on the expectations of bankers, financial specialist and
currency traders concerning exchange rates. They used this data to show the change in use of
fundamental and technical trading rules to form expectations on the exchange rates. Hinted by their
findings they regressed the exchange rates with a bandwagon and a mean-reverting expectations
model. The bandwagon expectations model extrapolated past changes in exchange rates as a form of
technical trading. The mean-reverting model on the other hand used the long run equilibrium as a
proxy for the fundamental rate. They found short horizon expectations (1 week till 1 month) to be
different from long run expectations (6-12 months). Respectively expectations could be approximated

by the bandwagon and mean-reverting model.

HAMs model different agents instead of using a model per type of agent. Their popularity grew
between the middle and the end of nineties in trying to explain stylized facts, like the ones in described
in 2.1, through calibration (e.g. Lux (1995, 1997, 1998) and LeBaron, Arthur and Palmer (1999)). The
number of HAMs has become abounded in the recent past. Broadly they differ by three important
elements, namely their diversity of agents’ (heterogeneity), their complexity of the learning process of
these agents, and their complexity of agents” interaction. An example of the latter is a random meeting

of agents against sophisticated interaction within social networks.

The simplest forms of HAMs have few (two or three) different kinds of agent regimes. The agents
switch between the trading rule regimes with simple choice models which encapsulate the interaction
and learning process of the agents. Based on the findings of the previously discussed survey papers
one type is usually stabilizing and the other destabilizing prices. The stabilizing type is most
commonly known as a fundamentalist. The other knows many names, like chartist or noise trader, and
they differ in trading rules over the different studies. Noise traders react on noise within the market

and chartists are technical traders. Examples of chartist trading rules are momentum trading or in

" Agent scan differ in many ways. For example in the way they form expectations, the information they have
access to, their wealth, etc.



contrast the strategy of buying (selling) when prices have known a recent negative (positive) return,

also known as contrarian trading®.

In the literature on agent based models which are based on a number of regimes with switching agents
there are three major models (Chen, Chang and Du (2009)). The three models are the Kirman model
(Kirman(1991, 1992)), the Lux model (Lux (1995, 1997, 1998)) and Brock-Hommes model (Brock
and Hommes (1997, 1998)).

Kirman’s model is based on two regimes of agents, namely fundamentalists and chartists. These two
switch between each other based on a herding mechanism. Agents switch based on the ease in which
they convert themselves and are converted by other agents. The second part of influence is depended
on the fraction of agents within a group type. For instance, the more fundamentalists there are, the
greater the odds a recent chartist is persuaded towards the other groups believes. Lux does also make
use of a herding mechanism. The main difference between the switching mechanisms is the discrete
way in which the fraction of agents switches between types in Kirman’s model. This in opposition to
the continuous way in which the agents switch in Lux’s model. Apart from the difference in switching
mechanism is Lux’s model a hierarchal two type model. Next to the distinction between

fundamentalist and chartist, there is also a distinction between optimistic and pessimistic chartists.

The youngest of the three major agent based models is the Adaptive Believe System (ABS) of Brock
and Hommes(1997, 1998). In the market of the ABS there are a predefined number of believes which
are not constraint to two or three different believes. The beliefs are assumed to be linear. The
switching of agents happens based on a multinomial logit model. This mechanism is driven by the
probability of gaining a profit in excess of risk free return. And so it puts weight on the recent believes

about profitability. After all, agents most likely try to guess the behaviour of the market.

According to Chen, Chang and Du (2009), which survey the abounded studies on HAMSs, the
previously discusses two and three clustered type models are most popular. These are followed in
popularity by many type models and the smallest fraction of studies use Autonomous Agent (AA)
models. AA models do not pre-specify clusters of agents with approximately the same beliefs®. The
programmed agents are able to learn and make predictions by evaluating movements in returns in the

past. So without the necessity for pre-specification the agents form their own believes. Because these

® The difference between a contrarian and a mean-reverting trading rule is long run equilibrium. The former
reacts to the difference between the recent difference in price and takes an opposite position. The latter reacts to
the difference between price and its long run equilibrium. Barber and Odean (2000) found this trading rule to
approximate the average strategy of individual investors.

° In models which make use of agent regimes (e.g. fundamentalist and chartist) the regimes can be seen as
clusters of agents. Within these clusters agents can differ, but the reaction of and between the groups with
fundamentally different believes are studied.
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models are primary used in combination with calibration, these models are not fatter discussed. An
important finding in the overview of Chen, Chang and Du (2009) is that additional support of complex
models in replicating stylized facts is found insignificant.

2.4 Empirical research

In contrast to the many HAM’s which have been created and calibrated over the recent past. Little
empirical research has been done in this field. The dynamic form of the HAM’s brings complexity in
testing the models on real world time-varying data. Still there have been a few attempts at indirect and

direct estimation of the non-linear models on real financial data.

One of the first attempts at the task of empirical validation goes back to Shiller (1984). Shiller tested a
model with investors who base their estimations on public information of dividends or earnings. These
rational traders where called smart money traders. The other group of traders are known as ordinary
traders. This group includes all traders which do not optimally make use of public information.
According to Shiller, these bounded rational expectations can take many forms. Therefore there is no
assumption made about the model of ordinary investors. Their effect is assumed to be zero. The
dataset used consists of Standard and Poor’s composite price index in the years 1900 till 1983. This
total of years is split in clusters and the price is regressed on dividends-price and earnings-price ratios.

The regressions result in a probability of social movements in demand.

Vigfusson (1997) and Ahrens and Reitz (2005) make use of Frankel and Froot’s fundamentalist-
chartist model (1990). These papers adjust the switching mechanism between the two groups as
originally represented as a portfolio manager. They replace the mechanism with a Markov-switching
regime. This results in periods where either the fundamentalist or the chartist regime dominates the
market instead of a blend of the regimes formed by the manager. The results of the test on two

different exchange rates indicate an outperformance of the model against their benchmarks.

Baak (1999) and Chavas (2000) both research short run supply within the US hog and beef market. By
estimating optimal breeding models on cattle prices and filtering coefficients from these results. They

find significant results concerning heterogeneity within the markets.

Winker and Gilli (2001) makes use of Kirman’s model. They run multiple simulations and compare
these with real financial world Deutsche Mark to US dollar exchange rates. This is done indirectly by

minimizing the difference of kurtosis and ARCH-estimates in the real and simulated data.

Reitz en Westerhoff (2003) and Reitz en Westerhoff (2007) research respectably three currency rates

against the US dollar and 36 commodities. The fundamentalist-chartist distinction is modeled. For the
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switching mechanism they assume constant impact of the chartist and variabele impact of the
fundmanetalist regime. The variabele weight of fundamentalist regime is dependend on the gap
between price and percieved fundamental price. They find cyclical motions in their researched

markets.

Boswijk et al. (2007) rewrite the ABS model created by Brock and Hommes(1997, 1998). They use
non-linear least squares to directly estimate the model with a mean reverting fundamental and a trend
following chartist regime on their S&P500 data. The test results show statistically significant
behavioural heterogeneity and variation over time between the two regimes. However, the parameters

within the switching mechanism have not been found significant.

Chiarella et al. (2010) also tried to estimate changes in the S&P500 price index with an adjusted form
of the ABS model. By making use of the maximum likelihood they investigate the influence of a
possible fundamentalist, chartist and noise trading regime and switching behaviour of agents on price
movements. By these constraining and benchmarking against the unconstrained model they also
investigate the additional value of the constraint parts. They find statistically significant results with
exception of the parameters imbedded in the switching model. This is line with the previous discussed
study of Boswijk et al. (2007).

De Jong et al. (2006, 2010) estimate a three type ABS model on data of eight different exchange
markets within the European Monetary System. The first two regimes are the traditional
fundamentalist and chartist regimes. The Third additional regime is a chartist regime which, instead of
relying on previous returns, forms its expectations through the difference between the short run and
long run moving average of returns. The additional regime is known as the MA chartist. Next to the
estimation they also try to forecast exchange rates over different horizons. By making use of Diebold
and Mariano (1995) comparison test de Jong et al. demonstrate the outperformance of the HAM over a

random walk.

De Jong et al. (2009) used the same procedure as in their previous research. But instead of the MA
chartist they used in the FOREX market, they introduced an internationalist. The internationalist
proxies the co-movement of fundamentals underlying markets. This contagion shifts over time through
the switching mechanism of the ABS model. Approximately the same results concerning estimation
and forecast ability where found on the Hang Seng and Bangkok S.E.T indices in the period

surrounding the Asian crisis.
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Empirical research on agent based models is still quite scarce. From the this relatively new form of
research the most popular field of research seems to be the FOREX market and is followed by stock
market index market. From the highlighted studies in this paper Boswijk et al. (2007), Chiarella et al.
(2010) and De Jong et al. (2006, 2009, 2010) are among the few which estimate coefficients directly
without replacing the switching mechanism. The studies of De Jong et al. (2006, 2009, 2010) go one
step beyond in trying to test the forecast ability of their models. Overall the results from the empirical

studies support the existence of heterogeneity within different markets.
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3 The model

In this paper an adjusted form of the ABS of Brock and Hommes(1997, 1998) will be used. A reason
for this decision can be found in the use of this model in past studies like Boswijk et al. (2007),
Chiarella et al. (2010) and De Jong et al. (2006, 2009, 2010) (paragraph 2.4). The ABS has proven to
be compatible with real financial data and the robustness of the found results can be benchmarked
against the previous study results. The portfolio forming rational is another reason for the use of an
adapted form of the ABS. The weight that is put on a trading rule is dependent on its performance in
the past. Selection based on past profitability makes more sense than for instance the size of the group
like in the switching mechanism of the Kirman (Kirman(1991, 1992)) and the Lux model (Lux (1995,
1997, 1998)). The adjusted form of ABS used by the study of Chiarella et al. (2010) will be tested in
this thesis. Reasons for this choice are the addition of noise traders within the model, the relatively
more realistic market micro structure and the compatibility with weekly frequency data'®. Noise
traders are a theoretically grounded group which is supposed to create limits to arbitrage (paragraph
2.2) and their possible existence within the market are found important to investigate. The model
incorporates adaption on the ABS model made by Chiarella and He (2003). The originally proposed
Walrasian scenario for arriving at the market clearing price (Brock and Hommes(1997, 1998)) is
replaced by one with a market maker. In filling in different kind of beliefs of agents Chiarella et al.
(2010) are followed in their interpretation of a fundamentalist, chartist and noise trader trading regime.
Fundamentalist are assumed to expect reversion towards the fundamental price. The form of the
chartist function, which normally has the form of a first order auto regression (AR(1)), is supposed to
follow a long run moving average (MA). This MA is given by a Geometric Decay Process (GDP). The
noise traders act on the noise in the market as proxied by the variance. Agents are categorised in
regimes based on their believes. Although the model’s form is still stylized in comparison with the real

financial world, the adoptions make the ABS more realistic.

3.1 The market and the market maker

In the ABS model agents have the possibility to invest their money in either a risk free asset or one
which carries risk. The risk free asset is assumed to be perfectly elastic in supply. Meaning the
variation in demand is offset by changes in supply. This in a way in which the ratio demand-supply
remains stable. Because of this property, the price of the risk free asset is not influenced by demand
and supply changes. The asset is also assumed to pay out a fixed rate of return denoted r in which
makes the gross return R which equals 1 plus the risk free return r. The risky asset in contrast pays an
unknown amount of dividend. The time varying stochastic dividend process at time t of the risky asset
is denoted y;. The price in exclusion of dividend of the risky asset is denoted p;. Agent type h’s

demand for the risky asset is depended on the return in excess of the risk-free rate, the fluctuations in

19 The frequency argumentation will be further explained in the data and methodology chapter 4.
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excess return as captured by the perceived variance at time t (V1) and the risk aversion concerning
these fluctuations. The risk aversion parameter n is assumed to be constant and equal over all the type
of agents. Chiarella and He (2003) show the differences in risk aversion are a potential cause of
variation between agent types. For matter of testing the previously stated assumption is made
following the studies of Boswijk et al. (2007) and Chiarella et al. (2010). Given this setup, the demand
z for the risky asset of agent type h at time t is given by:

1) o = EnilPrratyersRpd _ EntlPera+yees —Rpi
ht = =
‘ NVht[Pt+1+Yt+1~RPt] no?

Believes of type h agents at time t about future return in dividend and price change in excess of the
risk free return is denoted E.:; These conditional expectations are compared with the perceived
variance Vy: For analytical tractability the conditional variance, as the previously discussed risk
aversion parameter, is assumed to be constant and equal for all traders so Vi = o This
simplification results in the last formulation. Agents are assumed to maximize expected return against
risk believes captured by variance and risk aversion. These traders handle like myopic mean variance
maximizes. The supply of outside risky assets per investor is denoted z;. In totality there are H
different types of traders within the market. Each regime has its fraction n at a point in time. These
fractions take a value between 0 < nj,; < 1 and the sum of all fractions has to equal 1*2. The equilibrium

between demand and supply becomes:

Eht[Pey1 Y1 —Rpd
no?

(2) Ze = ZE:l Nyt

Brock en Hommes (1998) and Chiarella and He (2003) assume constant net supply of zero. This
means the net long and short positions within the market offset each other and no new risky assets
have to be issued or retracted. The excess demand or supply will cause the market maker to take an
adjust prices and take an opposite position to clear the market. In the case of homogenous rational
agents (H=f and n; = 1) there will be no excess supply or demand (z.=0). The price will equal the

fundamental price and becomes:

* o) Et[p 1y, ] © Et[y ]
(©) ) t+§k e =T Rﬁk

1 The release of the homogenous constant variance assumption is tested by Gaunersdorfer (2000). He finds few
differences in the details, but concludes with the similarity of the global qualitative features of the model.

12 We assume the market is only populated by the specified heterogeneous type of agents. As a result the sum of
all fractions have to equal to the total of 1.
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Because the future price is a function of its discounted future prices and dividends and so on. The
price is ultimately only dependent on the sum of all discounted future dividends. Brock and Hommes
focus on the case in which the time varying stochastic dividend process is independent and identical
distributed (11D). The distribution assumption makes the best guess of future dividends its mean value.
In the empirical studies stated in the introduction of this chapter this assumption is altered by taking
into account the growth of dividend. The dividend expectations becomes:

4) Elyee] = A+ g0)ye

In which g; is the dividend growth estimated at time t and is assumed to be updated as soon as new
information becomes available. It is common in empirical studies which make use of a form of the
ABS to estimate the fundamental price using the Gordon growth model (1962). This growth model is a
combination of formula (3) and (4) and has the form:

. 1+9g;
(5) P = Y
Tt—9t

The fundamental price is a benchmark in the ABS model. It will only hold if there is one type of agent,
the agents are rational and it is commonly known every agent is rational. The ABS assumes all agents
have the same expectations about future dividends meaning Ey¢[yi+1] = Et[yi+1]. SO the mean
expected fundamental price is equal over all types of agents. Agents form their expectations with

respect to deviations from this price. These deviations are of the form:

(6) Xy = Pt — Pr

Taking into account the forecasting error of the fundamental price over time(d) the excess return of the

price deviations at time t is:

(7) Ry = xt — Rx¢_q + 6; where 0t = Pt+1 + Ye+1 — Ee[Pte1 + Yea1d

The excess return is equal to the return in excess of the risk free rate plus the forecasting error.
Because of the previously stated homogenous expectations concerning the dividend process, the best
guess of the forecasting error is equal to zero. Agents are able to calculate the fundamental price,
however they do not believe the real world price is always equal to fundamentals. The trading rules

which defer over agent types are assumed to be linear and for every time t of the form:

(8) Eh,t[pt + Ver1] = Eelpter + Yerr] + faKem1s s Xemk)
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The f in this function symbolizes the expectations of agent type h concerning the deviations from the
fundamental price. The agents base their expectations on a information set with k lags. The following
paragraph will fill in the different groups of agents and their trading rules. Because of the similar form
in which different agents act, the dynamics of the market maker can be described in deviations from
the fundamental price (x) and excess demand (z.). The market maker takes an opposite position and
adjust prices in the coming period to offset this position. The speed in which the price adjustment

takes place is denoted p. The function of the market maker becomes:

9) Xey1 = X + UZe

3.2 Different groups of agents

To test if heterogeneous believes can explain movements in price the agents are categorized based on
their trading rules. As stated the groups all have trading rules of the form (8). This thesis follows the
study of Chiarella et al. (2010) in testing three groups of participant types, namely fundamentalist,
chartists and noise traders. The fundamentalist trading rule focuses solely on the difference between

the real and fundamental price. Their trading rule is of the form:

(10) Efe(xe41) = x¢ —axy = (1 — a)x;

It is expected that the fundamentalist believes in the return towards the fundamentals. If this would be
the case then 0 < a < 1. The higher the a within these borders, the higher the expected speed of return.
In the case of a < 0 the fundamentalist expects the market to drive prices farther from its fundamental
value. If 1 < a the fundamentalist expects overshooting, a correction towards and beyond the
fundamental price. Combining formula (7) and (10) results in the expected return of the

fundamentalist trading rule:

(11) Ef,t(Rt+1) =(1-R—-a)x;

The second group is the chartist group. Chartists are assumed to be technical traders. They compare
the short run with the long run moving average and form their expectations on the difference. The
study of Zhu and Zhou (2009) provides evidence for the usefulness of this momentum trading strategy.
As stated by Chiarella et al. (2010) it is hard and trivial to estimate and validate a lag length for testing
this rule in practice. As a solution the chartist regime is assumed to form its expectations based on a

geometric decay process (GDP) in the form:

(12) Ece(xeq1) = x¢ +d(xp — 7¢) where T = 0T + (1 — w)xe_4
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The t is the geometric decay function which can also be seen as the geometric moving average. The w
is the weight which is put on past observations. It should have a value between 0 < w < 1 in which a
higher value equals more weight on past price observations. The d represents the expectations based
on the past deviations. If d > 0 then the technical rule implies a destabilizing effect away from the long
run moving average. If -1 < d < 0 then the chartist strategy expects the deviation to move towards its
long run moving average. As a last option d < -1 which implies overshooting in the same sense as the
fundamentalist rule can overshoot the fundamental price. A combination of (7) and (12) gives the

expected return of the chartist trader as:
(13) Ect(Rer1) = (1 — R)xe + d(x — 7¢)
The demand for the risky asset of the fundamentalist and chartist group can be obtained by putting

expected returns (11) and (13) in function (1). The demand functions of the fundamentalist (z¢) and

chartist (z.) group at time t becomes:

(1-R-a)x
(14) =
and
(15) — (1-R)x¢+d(xt—T¢)
ot =

no?

The last group of traders are noise traders. They trade based on signals or “noise” and not on risk

return considerations like the fundamentalist and chartist group. Their demand function is of the form:
(16) Zn,t = Stgt Where 8t~(0,1)

The parameter S is an approximation of the market sentiment. Noise traders can create risk as
discussed in chapter 2.2. This risk they create is volatility and this volatility effects prices*. Because

of the influence on volatility the market sentiment can be captured by a GARCH process in the form:

(17) St = ¢1 + $2Si1 + Paety

3 Chiarella et al. (2010) points out that because of the relation between the created systematic risk which
influences prices, the noise signal can be seen as sentiment.
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In which ¢, is a constant, ¢, a memory parameter and ¢ captures the sensitivity of the lagged
squared residuals. The constant ¢, is a combination of the long run variance and it’s weight. The

parameters ¢, and ¢ and the weight of long run variance have to add up to one.

3.3 Switching between groups

The remaining part of the model is the switching mechanism between groups. Agents are not assumed
to blindly and conservatively follow their trading rules. They evaluate their performance and
benchmark it against other trading rules and make choices accordantly. For this reason a switching
mechanism is build into the ABS model. However, noise traders are assumed to have a constant
fraction within the market. These trades do not act on trading rules but react on noise and are not likely
to evaluate their expectation forming process to switch towards a trading rule and vice versa. The
agents within trading on the remaining fundamentalist and chartist regimes are assumed to switch
between these groups. The sum of all fractions n have to add up to 1 in which the noise trader group
has a constant fraction. The relative difference between the fundamentalist and the chartist group (m)

at time t can be written as:

Mt Nee NMfe Nt
Ngr—Net 1-n,

(18) mg

The relative weight m can fluctuate between [-1,1] with -1 as a domination of the chartist and 1 as a
domination of the fundamentalist in the remainder of the market. Adjusting the market maker function

(9) with the relative weight function (18), the market maker function becomes:
u
(19) Xe+1 = Xe + 2 [(1—-ny,) ((1 +mgzee + (1 - mt)Zc,t) + 2n,2p ]

The fundamentalists and chartists evaluate their performance and consider switching their trading rules
accordantly. This performance is assumed to be measured by profitability of their trading rules. The
profitability equals the ex-post excess return times the amount of assets they demanded in the past and

SO:
(20) Tpe = (X¢ = RXe—1 + 60)Zne—1
This performance can be used in the switching model of the ABS model. The complete switching

model takes possible cost into account. As both the trading rules are quite simple and do not require

intensive or costly research these costs are assumed to be nil. Because the switching will only occur
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between two groups the form of switching mechanism can be written in a hyperbolic tangent form.
This adjustment as in the research of Chiarella et al. (2010). The mechanism becomes:

@) m, = tanh (£ [ D) = tanh (£ [, — Ry + 8,10z — 200D

The B in this function represents the speed of adjustment as a reaction to differences in performance
and is also known as the intensity of choice. The higher the 8, the higher the speed of adjustment. The
extremes are 0 in the case of no switching and a uniform distribution and extreme switching when g

goes to infinity.

3.4 The adjusted Adaptive Believe System with Market Maker

The complete model to be studied consists of a fundamentalist, chartist and noise trading group of
agents and a market maker. Fundamentalists are expected to believe the prices return to their
fundamental value. Chartists are technical traders which compare prices with their long-run moving
averages and form expectations on these differences. The fundamentalist and chartist group are
expected to switch between their regimes based on considerations concerning past performance in the
form of excess return. The last group of traders consists of noise traders which act on noise signals and
are not expected to consider other trading rules. The market maker takes care of excess demand or

supply by taking an opposite position and adjusting future prices.

The model to be studied can be obtained by filling in the demand functions (14), (15) and (16) into the
market maker function (19) and the switching mechanism (21). The adjusted form of the ABS with
adjustments made by Chiarella and He (2003) and Chiarella et al. (2010) becomes:

(22) Xpg1 — Xp = % [2(1 —R)x; — (1 + mp)ax, + (1 — my)d(x; — 74)]
+ npUo/SeEs

(23) Ty = wTi_q + (1 — w)x;

(24) St = ¢1 + 2Se—1 + b3ty

(25) m; = tanh ( P [x; — Rx¢_1 + 8¢ )[—ax; — d(x; — t0)])
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4 Data and Methodology

To answer the question, if movements in 