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Abstract

We construct an agent-based computer simulated financial market. Trading in this
market is not continuous. The market price is formed using a limit-order book. The
modelled investors receive biased information and they attempt to maximize their
wealth. Different traders, from noise to chartist and informed, coexist in the same
market. We show how stylized facts can be formed by the presence of chartists or a
simple lag in investor information. Price bubbles can arise when market prices are
dominated by technical traders. Interestingly we show that well informed investors
can earn more if the adopt, in special situations, a technical strategy. Using our
results we propose a new model for market dynamics called "sometimes efficient
markets". Moreover, we define the concept of "strategy-strong efficient markets".

Keywords computational finance, stock markets, efficiency, multi-agent, simu-
lation, bubbles, stylized facts, risk management
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CHAPTER 1

Resume de these

Entre Juin 2007 et Novembre 2008, les citoyens américains ont perdu, en moyenne,
un quart de leurs avoirs nets. Le total des actifs des fonds de pension a chuté de 22%
(perte de 1.3 milliards de dollars). La perte subie par les investisseurs internationaux
est du meme ordre de grandeur. Une vision cynique, voire simpliste, consiste a dire
que cette récente crise est le résultat de 'explosion d’une bulle, en autres termes
celle-ci étant liée a un retour des marchés a l’efficience. Dans notre travail, nous
prouvons que l'idée d’efficience est incomplete pour décrire un marché financier. A
partir de nos résultats nous proposons la théorie des marchés parfois efficient.

Un marché financier est composé de nombreuses composantes hétérogenes et
complexes. Jusqu’a récemment, les études financieres se sont appuyées sur des bases
théoriques tels que 'homogénéité des espérances des investisseurs, leur rationalité
ou l'acces uniforme a l'information. La réalité des marchés ainsi que I’évolution des
outils d’analyse ont ouvert la possibilité d’étudier les marchés dans un cadre moins
contraignant et plus réaliste. Pour modéliser un marché financier, nous remplagons
le langage mathématique par le langage informatique. Ainsi, nous avons simulé un
marché financier avec tous ses composantes : information, investisseurs et formation
des prix.

Dans notre marché simulé, nous avons un seul actif risqué qui a une valeur
fondamentale V;, avec des rentabilités normalement distribuées. Cette valeur fonda-
mentale est un concept théorique qui nous aide a construire un flux d’information
avec un sens financier. On définit 'information parfaite comme Iy = P, — Vi1, A
partir de I'information I; les investisseurs, via leurs ordres, vont créer le nouveaux
prix de marché P,.; que l'on peut considérer comme l’estimation de marché de la
valeur fondamental V1. Tenant compte de I’hétérogénéité des interprétations et
des biais des investisseurs, chacun va recevoir une version modifiée de I'information
parfaite. Ainsi l'investisseur x va recevoir Iinformation I, ; = ag * I; + by. Les
parametres a, et b, nous permettent de créer une large variété de comportements
des investisseurs : a, > 1 révele des investisseurs qui ont la tendance d’exagérer
Iinformation, b, > 0 indique des investisseurs optimistes et b, < 0 des investisseurs
pessimistes.

Les investisseurs modélisés dans notre systeme peuvent utiliser une de ces deux
stratégies: une stratégie fondamentale (informée) ou une stratégie chartiste (non-
informée). La stratégie fondamentale implique que I'investisseur suppose que le prix
est bon g'il est dans un intervalle autour de la valeur fondamentale. L’investisseur
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va estimer la valeur fondamentale en utilisant le prix de marché et l'information
recue ainsi: E,(Viy1) = P+ 1. En passant des ordres, ces investisseurs esperent
gagner une rentabilité minimum 7,,;,, qui est le reflet de ’aversion au risque et de
I’espérance des gains relative a chaque investisseur. Donc, l'investisseur x, qui utilise
une stratégie fondamentale, va considérer que le prix de marché est bon quand il est
dans lintervalle [L, H] ou

[L = Ex,t(v;f—i-l) * (1 - rmin); H = E:v,t(v;f—&—l) * (1 + Tmin)]

Ainsi I'investisseur fondamental va vendre ses actifs, au prix minimum H, quand
P, > H et il va acheter des actifs, au prix maximum L, quand P, < L. Un
tel investisseur espere profiter des erreurs d’évaluation du marché. L’investisseur
chartiste, non-informé, espere profite des tendances des prix. Une chartiste regarde
les rentabilités passées et s’il observe la formation d’'une tendance il va essayer d’en
profiter. Par exemple, §’il observe que les trois dernieres rentabilités ont été positives
(R¢x Ry—1 % Ry—o > 0), le chartiste va acheter des actifs en espérant que la tendance
positive va continuer. Tous les investisseurs chartistes ont deux regles de longueurs
L, une d’achat et une de vente, qui sont dans des séries de type [a1,as,..,ar] et
[v1,..v1]. Les parametres a; et v; peuvent prendre les valeurs {indifférente, positive,
négative}. Chaque regle est comparé avec la rentabilité passée, a; ou v; est compare
avec R;_; 1. Quand une regle d’achat/vente est activée le chartiste va acheter/ven-
dre ses actifs au prix P, % (1 &+ N(uc, 0.)) sont des parametres qui caractérisent les
espérances de gains des chartistes. Par exemple, la regle d’achat [positive, indif-
férent, negatif| va etre activée, et le chartiste va acheter, quand les rentabilités
passé vont etre du type [Ry > 0, Ry_o < 0].

Les investisseurs vont envoyer leurs ordres, pendant une période de trading, et
celles-ci vont etre enregistrés dans un carnet d’ordre. A la fin de la période de
trading le carnet d’ordre est fermé et le nouveaux prix de marché est découvert. Ce
prix est trouvé a la suite d’une procédure qui consiste a déterminer le prix qui :

1. Maximise le volume des transactions résolu
2. Minimise le nombre des transactions non résolu a la vente ou a ’achat

3. Minimise la pression de marché soit a la vente soit a 1’achat. Cette méthode
assure quun maximum d’information est intégré dans le prix et cette derniere
n’introduit pas des biais supplémentaires.

Dans chaque simulation les données d’entrée sont représentées par quelques
parametres caractéristiques :

1. le nombre et la distribution des investisseurs entre les differentes types
2. le nombre de jours de simulation

3. la distribution de la valeur fondamentale de lactif Rp, ~ N (uy,ov)



4. Dintervalle des biais possibles des investisseurs fondamentaux a, € [amin, Gmaz)
et bx S {bmma bmax]

5. lintervalle des rentabilité minimum espérée 74 min € [Fmin, "'maz]

6. la distribution des espérances des gains des chartistes avec moyenne p. €

[Mmina Mmaz] et variance o, € [Umm7 Umax]-

Notre outil de recherche, le simulateur de marchés financiers dénommé LUMA,
nous sert a expliquer les liens de causalité entre les différentes stratégies des investis-
seurs et la formation des prix de marché.

Question de recherche #1 : Quelle est la distribution des stratégies
d’investissement qui peuvent produire, pour de longues périodes, des priz biaisés?

Cette premiere question de recherche porte sur la possibilité qu’un marché peut
rester dans un état inefficient pendant des longues périodes, meme avec la présence
d’investisseurs rationnels et parfaitement informés. Pour prévenir les éventuelles
critiques d’efficience, nous nous sommes également demandé si un investisseur biaisé
peut survivre dans un marché financier. Si 'on trouve qu’il peut survivre, tres
longtemps, alors nous avons les bases pour discuter d’inefficience des marchés.

Nous avons découvert que les investisseurs biaisés peuvent créer un marché avec
des prix biaisés pendant de longues périodes de temps. En fonction de la distribution
des biais des investisseurs, le marché peut avoir des prix sur ou sous évalués avec
des magnitudes plus ou mois importantes. La condition nécessaire, afin d’avoir un
marché avec des prix biaisés est que les investisseurs avec des biais peuvent détenir
la plupart des actifs en circulation sur le marché.

Question de recherche #2 : Un investisseur biaisé peut-il survivre dans un
marché financier?

Nos résultats montrent que les investisseurs biaisés peuvent survivre, pendant
longtemps, dans les marchés. Il est cependant nécessaire que le marché ne retrouve,
trop souvent, son état d’efficience.

Question de recherche 7#8 : Les investisseurs biaisés peuvent-ils gagner da-
vantage que les investisseurs non biaisés ¢

Si l'investisseur biaisé peut survivre et les marchés peut etre biaisés alors on
peut se demander si des investisseurs bien informés ont intéret a payer pour une
information correcte. Si on trouve que linformation correcte n’est toujours pas
rentable alors comment peut-on espérer qu'un marché peut etre, autrement que par
accident, efficient?

En effet, nous observons que lorsque les actifs sont surévalués alors les investis-
seurs bien informés vont avoir tendance a les vendre. Si les prix restent élevés, les
investisseurs bien informées vont perdre les rentabilités qu’ils pouvaient avoir en
gardant actif.
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Question de recherche #4 : Quelles sont les comportements des investis-
seurs a I’ origine de la formation de bulles et des effets stylisés ?

Dans un marché financier nous observons, peut-etre trop souvent, des
phénomenes impossibles a expliquer avec les concepts théoriques classiques. Parmi
eux, nous regardons de prés les effets des autocorellations non linéaires des volatilités
(ou la longue mémoire des marchés) et les bulles des prix. Est-ce que ces phénomenes
sont des accidents ou ont-ils leurs racines causales dans les différentes stratégies des
investisseurs 7

On observe que les faits stylisés peuvent etre crées dans un marché avec des
différentes proportions d’investisseurs bien informés et d’investisseurs biaisés. Mais
ces effets sont aussi visibles quand dans un marché il y a que des investisseurs bien
informés, mais avec des délais d’information.

Question de recherche #5 : Esi-ce que le SITH peut battre YODA ? Qui va
survivre le plus ¢

Cette derniere question de recherche ressort naturellement a partir des premiers
résultats. Si les marchés financiers restent biaisés pendant de longues durées alors
la bonne information économique n’a pas forcement apportée de la rentabilité. Si
des bulles spéculatives peuvent etre créées, meme en présence d’investisseurs bien
informés, alors ces derniers peuvent-ils en profiter 7 Un investisseur bien informé
va, normalement, vendre ses actifs risqués des qu’ils sont surévalués. Ainsi, il peut
perdre la possibilité de spéculer sur une bulle. Nous avons conc¢u une investisseur,
bien informé, qui peut volontairement changer entre une stratégie fondamentale
(appelé YODA) et une stratégie non-informée visant a obtenir le maximum de profit.
On appelle cet investisseur SI'TH car, meme s’il sait qu'un actif est surévalué, il peut
meme alimenter un trend de prix croissant. Son seul intéret est le profit et efficience
de marché n’est pas une de ses priorités.

Nos résultats montrent que le SITH peut tirer plus de profit que l'investisseur
YODA. Cette différence vient du fait que le SITH va prendre, de temps en temps,
de l'argent provenant des investisseurs biaisés ou chartistes.

Notre travail nous amene a conclure que les marchés financiers, tels qu’ils sont
aujourd’hui, sont des concours de beauté. Cette conclusion est supportée par le
fait qu'un investisseur avec l'information parfaite peut gagner moins qu'un autre
investisseur, avec la meme information, qu’il va essayer d’imiter d’autres stratégies
(quand celles-ci vont dominer la marché). Ainsi on voit qu’il n’y a pas toujours
d’intéret a spéculer en faveur d’un prix de marché correct (relativement aux fon-
damentaux économiques de l'actif sous-jacent). Pour tirer le plus de profit, les
investisseurs doivent utiliser et profiter des stratégies dominantes.

Nous postulons la théorie de marchés financieres parfois efficientes. Selon
notre theorie, les marchés financiers se trouvent dans un mouvement continu entre
deux états d’équilibre instable : un état d’efficience et un état d’inefficience complete
(le prix de marché a alors aucune relation objective avec les fondamentaux d’actif



sous-jacent). Ce mouvement est causé par les investisseurs cherchant des profits
supplémentaires et adaptant leurs stratégies (plus ou mois informées en fonction du
contexte de marché). Suite a cette theorie, nous proposons comme nouveau mesure
de risque le niveau d’efficience d’'un marché. Ce niveau d’efficience de marché peut
etre mesuré, indirectement et avec 'aide des simulateurs de marché, en estimant les
proportions relatives des différentes stratégies utilisées dans le marché.
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2.1 Context and motivation

The period 2008-2012 offers a landscape of financial crisis: from debt crisis to bank
crisis ending with state debt crisis. These events were encouraged and sustained by
political, legal and economic factors but they were directly caused by the inefficient
financial markets.

The epic fall of Lehman Brothers bank', in August 2007, revealed the systemic
fragility of the global financial system. The global banking system suffered impor-
tant write-downs and lead financial institutions on the brink of bankruptcy. Banks
that took too much risk and lost were expected to file for bankruptcy. In most
countries, the bankruptcy of their main banks implied a temporary systemic dis-
tress to the economy - due to the dependency of companies on the revolving lines
of credits offered by the banking sector. ’Too big to fail’ banks are saved from
bankruptcy with the aid of state capital. State sponsorship has ended the banking

'Find in this link references to a complete judicial report on the bankruptcy of the
Lehman Brothers bank - http://blogs.wsj.com/deals/2010,/03/11/lehman-brothers-heres-a-copy-
of-the-court-examiners-report/
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crisis by a subtle transfer of risk: from banks to states. Since 2010 countries have
suffered from a sovereign debt crisis that spilled its effects into national economies.
Countries like Spain, Italy, Portugal, Ireland and Greece experience high level of
unemployment and lack access to credits at affordable prices. The " risk-free" state
asset is challenged and its social and economic effects are yet to unfold.

Acknowledging the gravity of the current events, researchers have a duty to
understand and prevent the systemic causes that lead to such crisis. The expression
'subprime crisis’ is advertised as a suitable culprit for the world’s financial and
economic events. This denomination refers to the effects of massive ’subprime’
debt insolvency. Insolvency is common to every financial transaction and its cost is
reflected in the asset prices. For subprime debt, these costs were reflected in losses
and not in asset prices. The catalyst for the enormous growth of subprime debt
portfolios can be found in US laws designed to enable the American dream to the
average American. History offers countless examples of laws, designed with noble
intentions and in good faith, which ultimately have predatory and counter-expected
effects. The US Community Reinvestment Act provided the legal incentives for
subprime debts. The US financial system exploited this new market opportunity.
Rapid financial speculation led to a housing bubble and an amplification of subprime
debt. Exporting this debt was the next step for the US financial system. Global
contagion by subprime debt was enabled by two conditions:

1. The transformation of 'subprime’ debt into sellable assets (ABS)

2. The acquisition of these asset based securities by investors from outside the
United States, at overestimated prices.

Condition 1) is a national legal matter, called 'financial innovation’, and a simple
catalyst for contagion. Condition 2) is related to investor behavior and the efficiency
of global financial markets. Acquiring any asset, no matter the value of its future
cash flows, is a correct investment provided that the price paid justifies the asset’s
future cash flows. Global investors overpaid US debt securities and suffered dev-
astating losses when these assets showed their real value. These bad investments
decision were enabled by two factors:

A Financial markets did not correctly price ABS securities

B Institutional investors entered the ABS market and provided liquidity to fur-
ther enable the existence of condition A.

We believe that condition A, the mispricing of asset backed securities, is the
essential factor that triggered the global 2007 financial crisis and all of its conse-
quences. Because of mispricing, international investors were eager to buy US mort-
gage backed ABS. This demand encouraged US financial institutions to increase
their efforts towards the mortgage market. All participants in the US debt market
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were interested to provide a house loan and to resell it for a commission. The US
financial sector acted as an intermediary between the debt applicants (U.S. families)
and the international debt sellers. FEven if US financial companies knew these credits
would go bad, they continued their actions because: a) US laws permits subprime
debt (condition 1) and b) such debt were sold in international markets (condition
B). A correct pricing of ABS debt would have stopped the global effects of the crash
of the US housing market.

We believe risk mispricing was the fundamental cause of the global 'subprime
crisis’. Yet, financial mispricing has different forms: return mispricing, risk mispric-
ing, etc. The 2001 IT bubble,see (Morris and Alam, 2012) for details, which also
originated in the United States, can be considered as a clear case of market future
cash flow mispricing. Such events have long durations (measurable in years) and
it would be hard to argue that they do not invalidate the idea of efficient markets.
Due to the significant economic and social impact of these market inefficiencies we
have devoted this work towards shedding more light about market dynamics.

In this thesis, we show how and when financial markets misprice assets. Because
numerous studies look at aggregate level causes, like macro economy or policies, we
focus on the links between individual investor behavior and asset prices. Our study
draws its theoretical foundations from the field of behavioral finance. Behavioral
finance creates a knowledge model that can explain the empirical anomalies observed
in financial markets. As a tool for analysis, we design and use a agent-based financial
market simulator. This tool provides the flexibility and freedom to make hypothesis
on the individual investor level and to observe the effects at an aggregate level.
As indicated by the title of our thesis, we look at when and how investor level
biases can affect the efficient formation of market prices. Before we explain, in
depth, the objects of our study we will first explain the notion of bias and how it
relates to investors. A "bias" is defined as a systematic departure from a reference
point. Therefore the concept of bias is relevant to the nature of the reference it
points to. We can distinguish a great number of biases like cognitive bias, social
bias, behavioral bias, measurement bias, risk bias, etc. We will focus on one in
particular, the most relevant to financial research: behavior bias.

In finance, an investor has a behavior bias if his actions are not those of a
perfectly rational investor. A perfectly rational investor can perfectly interpret all
the available information and, using this information, he can deduce the correct
rationally expected value of an asset. Using this correct expected value the investor
tries to profit when markets misprice asset. In the chapter 2.3 we explain the main
behavior biases of financial investors.
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2.2 Important concepts

In the course of this thesis we use financial concepts that have different meanings,
depending on the reader’s assumptions and context. To mitigate the risk of misin-
terpretation we present and explain here our understanding of the most important
concepts we use.

The fundamental value of an asset, or intrinsic value, refers to the present
value of an asset. In a usual context, an asset (like a stock, investment project or
real-estate) is supposed to provide cash-flows to it’s owner. In real financial markets,
investors, who use 'fundamental analysis’, try to estimate an asset’s fundamental
value using discounted cash flow methods (see a good introduction about fundamen-
tal analysis and discounted cash flows in (Graham and Dodd, 1951)). In our study
we refer to the fundamental value of an asset as a theoretical concept that helps
us build our model. This fundamental value helps us create an information flow.
When we assume that an asset has a theoretical fundamental value we do not make
any assumptions about market efficiency or investor behavior.

Efficiency theory is a highly debated subject between finance academics. In
our work we consider the (Fama, 1970) definition of efficiency: "A market in which
prices always "fully reflect" available information is called efficient". This definition,
as it is often refereed to in economic theory, also implies the existence of rational ex-
pectations. In our case, where we specify a model of the intrinsic? (or fundamental)
value of an asset, we consider a market to be efficient when the market price will
follow the fundamental value with a error factor (with zero mean). If not mentioned
otherwise, we use the word "efficient" (when describing a market) as a short form
for informational efficiency (as defined by (Fama, 1970)).

In this work we refer to speculative investment behavior. We consider as spec-
ulative any investment strategy that implies actions which go against the available
information. For example, consider a investor with information showing an asset is
overpriced. If this investor buys the asset we refer to his action as speculative. We
do not imply that such actions are not rational or not profit-driven. The inverse of
a speculative action will be, in this context, an arbitration action. We refer to a
investor as being fundamentalist, or as having an arbitration strategy, if he acts
in accordance to the information he holds. In the example before, a fundamentalist
investor will sell an asset which he considers, from his information, to be overvalued.

The concepts of risk premium and risk estimation are clearly defined in the
financial literature, see (Valdez, 2007). Risk premium is a subjective weight that
an investor places on his expected returns from a risky asset. A risk estimation
is an investor’s estimation of an asset’s risk. To simply our model we propose the
concept of minimal expected return, r,,;,, which is an investor subjective value.

2This fundamental value is not known directly by investors. Hints of the fundamental value are
revealed through a biased information process.
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A minimal expected return of an investor combines his risk premium as well as his
estimation of an asset’s risk. When considering an investment action, an investor
will use his minimal expected return to estimate a good price for the investment.

A discount rate is used to compute the present value of future payments. In
financial theory, there are a number of methods to estimate the discount rate of (ex-
pected) future dividends of equity, such as the CAPM (Sharpe, 1964). We consider
that a model where investors have to estimate both future dividends and discount
rates is not parsimonious. Therefore, we propose an information process from which
investors can directly compute expectations of future discounted dividends.
In this way, we avoid the problems that are inherent to methods for separately es-
timating dividends and discount rates. Because our informational process is biased
(due to investor subjective characteristics) our approach does not necessarily imply
investors have the same estimations of discount rates nor of future dividends.
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2.3 Behavior biases and the problems they cause

The main purpose of financial markets is the efficient allocation of capital. Investors
use financial markets as guides to invest their capital in the most profitable ventures.
Referring to stock markets, the fundamental value of a stock, in theory, is considered
to be the discounted sum of the cash that will flow to investors from the stock. A
stock’s theoretical (fundamental or intrinsic) value can be expressed as:

n

CFpyi
=) (2.1)

where CF is a future cash flow (either dividend or resell price). An investor has

to know the value of all future cash-flows and appropriate rates of return to compute

this fundamental value of the stock. In reality, investors make estimations of what

future cash-flows and rates of return will be. For simplicity (but without restraining

the breadth of our results) let us suppose that the rate of return is constant in all
time period,

ri =r1,V1 (2.2)

In this context, an investor looks only for the information needed to estimate the
future cash flows from the stock, as in the formula 2.3.

n

Einvestor(Ft) — Z

=1

Einvestor(CFt+z’, Information)
(1 + T-)tJri

(2.3)

An investor’s ability to correctly compute future cash flows is limited only by his
intelligence and understanding of the factors that govern the performance of a com-
pany, assuming equal access to information. Naturally, investors have different levels
of financial knowledge. Therefore their estimations of a stock’s fundamental value
are different. Using their value estimations, investors come to the markets and try
to sell or buy for a profit. Irrelevant of the market price formation mechanism it is
correct to say the market prices are a function of the investors’ combined expecta-
tions of the stock’s value (see equation below where f,m stands for price formation
mechanism and m is the number of investors who trade that stock at moment t)

P, = fom(E1(Fy), Ex(Fy), ..., B (FY)) (2.4)

Equation 2.4 and its resolution is actually the main debate point in modern
finance. According to the market efficiency theory (Fama, 1970) and the rational
expectations theory (Muth, 1961) a market will quickly and correctly integrate in-
formation into prices so they accurately reflect fundamental values. This line of
theory does not imply that each investor has a good estimation of value, rather that
the market can somehow transform all of the individual estimations into a good,
unbiased, rational expectation.
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P=F+e  E)=0 (2.5)

Contrary to the efficient markets theoretical foundation, behavioral finance as-
serts that equation 2.5 is not true and aggregate prices can be persistently far from
fundamental values. The basic assertion of behavioral finance states that investors
are not perfectly rationality, and this fact can explain markets inefficiencies. We re-
fer you to (De Bondt and Thaler, 1987) or (Coval and Shumway, 2005) for examples
and discussions about behavioral traits affecting market prices.

In our theoretical context, were we suppose the apriori existence of fundamental
market ? | we can consider that behavioral finance states that market prices can be
persistently biased (in relation to fundamental values). This idea can be expressed
using the equations 2.6 (asset prices are not at all related to their fundamental value)
and 2.7 (asset prices are persistently biased in regards to their fundamental value) :

Pt ?é Ft+5t (26)

Pt = Ft + & E(Et) 7é 0 (27)

Looking again at equation 2.4 we see the market price is formed, through a
deductive procedure (called price discovery method), by combining the expectations
of all the trading agents. Therefore two natural questions come to mind:

1. Can (biased) investor expectations create a biased price?

2. If 1) is true, in what conditions do these biases persist?

To describe the importance of price biases we have to think from the perspec-
tive of the client of a financial market: the investor. When using the services
of a financial market, most investors expect to buy an asset at (at most) it’s fair
(fundamental) value. Moreover, the investor expects the market price will quickly
follow when the asset’s fundamental value goes up or down. In a financial market
with biased prices, the investors bare the risk of overpaying for assets and/or sell-
ing assets at less than their fundamental value. For some investors, such risks are
unacceptable since they only trade to preserve their capital. Consequently biased
financial markets exhibit decrease volumes or no trading at all. Paradoxically, some
investors strive to enter markets when assets are undervalued and exit when assets
become correctly valued (or even better, overvalued). Ideally, some investors would
prefer markets with two cyclical stages: a biased stage (where assets are under or
overvalued) and an efficient stage (where prices would reflect fundamental values).
In such a market, investors make returns by profiting from biased prices and closing

3Please refer to section 2.2 for a clear explanation of what we assume by a fundamental value.
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their positions when assets are correctly priced. In markets with consistently bi-
ased prices a rational investor cannot make excessive profits using his insights into
economic fundamentals.

2.4 Behavioral finance vs. efficient markets

According to efficient market theory, any pricing bias poses no problems to the
market and its effect is only temporary. The theory states that smart and adaptable
investors quickly detect the new profit opportunity, created by the pricing bias, and
put in place a strategy that will permit to profit out of this inefficiency. When
enough money is invested in the new strategy the new profit possibilities disappear.
Through this process of rapid speculation, the market biases quickly disappear. This
theoretical assertion is true but incomplete. The efficient markets theory ignores the
way in which efficiency is actually restored. The theory implicitly assumes there are
investors with excellent information which quickly reveals market inefficiencies. This
assumption also implies the knowledgeable investors consistently monitor markets
and look to exploit any inefficiency. In fact, they would not invest their capital as
long as they don’t detect any market inefficiency. While not investing, such investors
would always incur the costs for their excellent information. So, these investors
would require every new profit opportunity (arising from market inefficiencies) to
provide enough gains to cover: the cost of the strategy, the cost of all the previous
information bought and a sufficient risk premium for engaging their capital against
the market’s blunder. Therefore, these investors never engage their capital to correct
small market inefficiencies since such actions would not be profitable. Instead, they
wait until the market develops a profitable enough inefficiency (depending on the
three factors mentioned above) and only then do they take action. Such rational
behavior, from the part of well informed investors, can generate (by inaction) the
appearance of significant market mispricing.

In their famous article, *On the Impossibility of Informationally Efficient Mar-
kets’, (Grossman and Stiglitz, 1980) provide a theoretical basis for this paradox
and conclude by saying that " because information is costly, prices cannot perfectly
reflect the information which is available, since if il did, those who speni resources
to obtain it would receive no compensation". We add to the conclusions of (Gross-
man and Stiglitz, 1980) and say that an investor has the possibility of using his
capital to either go against an incorrect (relative to the investor’s personal beliefs)
market trend or to speculate and go with the market (even when his information
says the asset is mispriced). In both cases the investor makes a gamble: either the
market " wakes up" and he profits from the price or the market continues in the
wrong direction and the investor profits from going with the trend. In this view, we
assume that there are situations when knowledgeable investors decide to follow the
"incorrect’ market trend. This "informed speculative’ behavior amplifies the momen-
tum for the trend, which increase even more the inefficiency. When this happens,
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prices become disconnected from their fundamental values and knowledgeable in-
vestors start a classic game of cat and mouse. Investors with open positions look
for signs that other investors will turn against the market by revealing information
that encourages others to close positions and speculate on the correction of prices.
Investment decision are not driven anymore by economic information (strictly re-
lated to the asset’s real value) but rather by indicators of how many investors are
willing to ride (or continue to) the market trend. This idea is not new since it resem-
bles a Keynesian beauty contest where investors try to guess each others intentions.
When the market moves away from an efficient state, into a state where the market
is controlled by ad-hoc beliefs and momentum actions, prices are biased and can
easily develop into bubbles. In these situations, risk can greatly increase since both
informed and non-informed investors will have higher expectations.

Some natural questions arise:

e How often can these mispricing events happen?
e How long does it take to return to efficiency?

e (Can investors profit from these inefficiencies by not acting against them?

These are some of the questions we answer with this thesis.

Aside from the academic interest, the answers to these questions have an im-
portant regulatory impact. By understanding the systemic causes of market ineffi-
ciencies, financial markets organizers and regulators can impose new operating rules
and regulations that limit or stop these biases. Identifying such factors provides
new ways to:

1. Accurately communicate to markets the possibility of market inefficiencies
(better information)

2. Develop new risk measures to asses potential losses (especially especially for
investors who cannot support much risk)

3. Change the view of "efficient markets" into "sometimes efficient markets".
This can help institutional investors make better risk assessments on behalf of
their clients.

4. Develop better ways to discover and signal market inefficiencies (improve the
attractiveness and future efficiency of markets).

As argued before, we observe through-out our study that market " inefficiencies"
are profitable for some types of investors. Therefore it is reasonable to assume that
it is in the interest of such investors to preserve financial markets in their actual
state: sometimes efficient and occasionally very inefficient.
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2.5 Research questions

We explained that the most important characteristic of a financial market is its
ability to correctly price assets. Mispricing of assets is due to a number of factors
like: lack of liquidity, lack of information or investor behavior. In regards to the first
two factors (liquidity and information) the recent ten years have provided financial
markets with technological tools (completely electronic markets, algorithmic trad-
ing, etc) that enable, as never seen before, the fast and reliable access to information
and liquidity. In this study we focus on the relationship between individual investor
behavior. We assume access to liquidity and information is constant and equal for
all investors.

In our study of the relationships between investor behavior and market ineffi-
ciencies we will be answering five research questions.

Research Question #1: What miz of biased investor behaviors produces con-
sistently biased market prices?

By answering this question we show how particular biases can affect aggregate
market prices. It is intuitive to say, for example, that if all investors are optimists
than the market price will be higher than its fundamental value. Therefore we also
show if it is realistic that such a mix of biases can actually appear in a financial
market. Because most behavior biases are common to all investors we seek those
biased investors who survive in financial markets.

Research Question #2: Can a biased investor(s) survive in a financial mar-
ket?

If the answer to question 2 is yes than we have proven that biased behavior can
persist in a financial market. We are still left with the issue of how biased behavior
can appear in markets. One can argue investors undergo extensive preparations,
before entering financial markets, to discover and eliminate their biases. Moreover
we can suppose that all investors constantly look to eliminate their own biases. We
can also assume investors constantly adjust their interpretations of information in
order to increase their profits. In view of such pure profit objective, one can argue an
investor can voluntarily choose to bias his beliefs or actions if he can make a bigger
profit. In general, stock markets provide an approximately 7% return per year, on
the long term (in spite of years with huge financial crises). Yet stock prices some-
times rise very fast and very high. Such moments offer profit opportunities much
higher than 7%. Therefore, on a pure profit basis, investors have incentives to ride’
and cash in on abnormal, short-term, market opportunities. To earn such returns,
not explained by the economic fundamentals of the traded assets, investors often
use strategies not solely based on fundamentals (hence the existence of technical
trading).

Research Question #3: Can biased investors earn more than non-biased in-
vestors? If yes, in what conditions?



2.6. Research Methodology 21

If a biased investor survives and earns good profits in a financial market, we
expect other rational participants to mimic such profitable behaviors. The more
biased participants enter a market the more the market price will be disconnected
from it’s fundamental information flow. But all investors want to make profits so
they expect prices to rise. Lacking (or not using) the possibilities of ’economic
reality checks’ prices can increase without any economic backing. Increased prices
can ultimately lead to moments where no ’bigger fool’ exists. In such cases, trading
between biased investors can end and market prices will start being formed by other
groups of investors (usually rational non-biased investors).

Research Question 7#4: What are the market micro conditions for the emer-
gence of price bubbles?

Lastly, we study two the market impact of two special kinds of investors: Yoda
and Sith. Both investors have amazing capacities for analysing economic informa-
tion and for computing the correct fundamental value of any asset. Yoda tries to
profit from investment actions that close the gap between the asset’s market price
and fundamental value. In opposition, Sith looks for profit opportunities without
regarding the relation between prices and fundamental value. In this work we show
which of these two types of investors, Yoda or Sith, survives in a competitive finan-
cial market. If the Sith investor survives then we can reinforce the idea that market
prices can be disconnected from economic realities. Research question number 1
seeks the conditions, at an aggregate level, for the disconnection between prices and
fundamentals. Research question number 5 looks for profitable individual behaviors
that can generate biased market prices.

Research Question #5: Can Yoda beat Sith? How can live longer, Yoda or
Sith?

Answering these five research questions helps us understand how different in-
vestor biases can have an impact on market prices and indirectly on the efficient
allocation of capital in our economies.

2.6 Research Methodology

Our research goal is to explain the links between aggregate financial phenomena the
behavior of individual investors. To answer the research questions we will be using
a methodology that called a ’generative approach’ (Epstein, 2006). We first define
a hypothesis asserting a connection between a specification of individual investor
behavior and an aggregate financial observation. The hypotheses we make all follow
the same general structure:

H: Suppose that conditions X1 ...X,, are respected (at the investor level of a
financial market). Then conditions Y1 ...Y,, will emerge at the aggregate level of
that financial market.
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For example, we look at the financial 'puzzle’ called " volatility clustering". In
this case the analysed aggregate propriety (Y) is the volatility of returns. To deter-
mine the behavioral causes/correlations of volatility clustering we test hypothesis
such as:

Hi: In a market with 30% optimistic investors (X1) and 70% rational investors
(Xs) we will observe clustering of volatility (Y7 ).

Solving this hypothesis will immediately show a correlation effect between our
premises and the desired effects. Because our analysis environment is deterministic
and completely observable we can next make claims about causality.

To test such a hypothesis we use a tool named ’agent-based simulator’. An agent
based simulator is a computer program that simulates the activity of all the com-
ponents of financial market: the evolution of information, investors who interpret
information and send orders, the clearing house and the mechanism of market prices
discovery. Starting for a complete micro level specification of a financial market (as-
sumptions X7 ... X,,) the simulator computes, in a deductive manner, the time series
of relevant macroscopic variables Y7 ...Y,, (like prices, transaction volumes, returns,
etc).

We underline that the transformation of the input data X; into output data Yj is
a deterministic process. An agent based simulator is equivalent to a mathematical
function like: f(X7...X,,) — (Y1...Y},)

Because a financial market is a highly complex system it is extremely hard to
create a mathematical model capable of describing it completely. For this reason,
instead of a mathematical language we use computer program language. This lan-
guage has the ability to describe complex system in a natural and intuitive fashion.
We propose a simple problem that highlights the advantages of an agent-based sim-
ulator:

e Given a tree leaf (like in the figure below) please discover what species of tree
it belongs to.
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Figure 2.1: Global view of methodology

Using a classical approach, a research would analyze the characteristics of the
leaf and find patterns similar to other known-origin leafs. This approach would
identify leafs based on correlations and not causality: if two leafs looks the same
they belong to the same type of tree. Using an agent-based simulation approach,
we search for different tree seeds and grow entire trees from their seeds. When
the grown trees are mature we observe directly their leafs and compare them to
our unknown leaf. In this way we show a causal link between a tree seed and a
leaf. In a financial market the ’leafs’ represent unexplained phenomena (like the
ones presented in chapter ) and the seeds are the investor level specifications of a
financial market (like the DNA strings of a tree seed).

2.7 Assumptions, advantages and limitations of this
study

This chapter explains the main assumptions, advantages and limitations of our
study. Each of the assumptions is explained in more detail in the next chapters.

Mawn assumptions of our study:

e Market prices are only influenced by the orders of investors. Perfect informa-
tion exists and it can be discovered by investors. Implicitly, we assume that
all other markets are efficient (bond or derivatives markets) and do not affect
the assets in the market we study.

e The price formation mechanism does not produce biased prices. We acknowl-
edge that different market design features, like tick size or order life-time, can
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impact the dissipation of information into prices, and can have some unwanted
influences on market price (as reported by (Chiarella and Iori, 2002)).

e Investors, as a group, learn passively through an evolutionary process: bad
strategies lose money while good strategies earn money.

e A theoretical fundamental economic value for a company exists. We model
and use such a value to generate a perfect information series.

e The only information describing our traded asset is based on the asset’s fun-
damental value. Other events like market shocks, rumors, or macroeconomic
evolutions are all included in this fundamental value calculation (which is as-
sumed perfect).

e Investors do not separately estimate discount rates and future dividends. They
directly compute expected future discounted dividends. This assumption does
not imply investors use the same discount rates or expected future dividends.

e We simulate and analyze a financial market with a single stock and no other
interlinked markets (options market, bond market, etc) because we assume
the following:

1. Investors are not affected by events from other markets
2. Investors focus their decisions only on the simulated stock

3. Investors have equal access to information and liquidity

One of the main advantages of our study is that we propose financial theories
that are sustained by a deductive proof. This provides the scientific framework for
clear and precise causal explanations.

Working with a tool, agent based simulator, that is completely controllable we
can also determine correlations between different market factors. In a classical
approach we assume a condition of 'ceteris paribus’ but it is hard to verify such an
assumption. With a simulation approach we have the choice to stop or allow the
variation of any state variable. Thus we can make observations and inferences about
variable correlations using a veritas ceteris paritbus method.

When testing a theory, our method proves more than the 'truth’ property of
a theorem. A classic financial research method implicitly assumes that if a phe-
nomenon can be generated by certain conditions than we can also observe this
phenomenon in real markets. For example, the Capital Asset Pricing Model pro-
vides the theoretical basis for measuring risk and estimating returns. In theory the
CAPM is true yet empirical tests have shown that its consequences are not observed
in real markets. Thus, one of the reasons why CAPM is not validated in reality is
because the financial market states it describes are not attainable in reality.

We believe that the most important advantage of our study is the possibility
of proving the attainability of true theories. Moreover, for attainability to be
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relevant in a financial system a market state has to be achieved in a reasonable time
frame. If a financial market integrates new information in a matter of years than
the theoretical true state of ’efficiency’ is not attainable in market. This does not
necessarily imply that the market is never efficient, rather markets have a quality
of 'noisy efficiency’ as described by Prof. Herve Alexandre in this doctoral thesis
(Herve, 1994).

Our study also has a few disadvantages. From a scientific point of view there
are two problematic issues with the methodology we use: the accuracy of our basic
assumptions and the validity of our agent based simulator. Most of our assumptions
are references to patterns of investor behavior as well to the relative proportions of
these behaviors. The investor behavior characteristics we model have a scientific
validity in psychological studies. Yet, our models of these behaviors are an idealistic
reflection of the way real investors make decisions. Consequently, if some of our
assumptions are flawed our results can also be false.

Agent based simulators have been used successfully to solve financial problems.
We mention its use by the American NASDAQ market in 1997. The management
of NASDAQ wanted to reduce the market tick size from 1/8 to 1/16. Intuitively, it
seems correct that if prices can move smoother than market quality can be improved.
To avoid negative market reactions, NASDAQ commissioned the creation of an
agent-based simulation of their market where this regulation could be tested. The
results were surprisingly counter-intuitive. The simulation showed that a decrease
in tick size would hinder the market’s ability to discover prices and would inevitably
increase bid-ask spreads. The NASDAQ board decided not to decrease the tick size,
probably saving a lot of money in the process.

2.8 Rationality and irrationality

Throughout this work we refer to rational and irrational behavior. The purpose of
this chapter is to offer insights for the answers to these two questions:

1. What is an irrational investor?

2. Are irrational investors present in financial markets?

It is now well accepted that some traces of possible ’‘irrationality’ can be seen
in financial markets and that there are more and more studies on this topic. It is
important to notice that even though we can see an increasing volume of recent
literature that focuses on ’biases’ and ’irrationality’ there is not clear and common
definition of what actually irrationality means and also to whom it refers. In (Ru-
binstein, 2001) the author argues that a, vague, definition of a rational investor is
of an investor who follows the axioms of (Savage, 1954). This view, actually shared
by most researchers, implies that a rational investor tries to maximize his expected
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utility of wealth using unbiased subjective probabilities. Because the key element of
this view on rationality is that of unbiased subjective probabilities, irrationality is
immediately thought of as the behavior that maximizes expected utility using biased
subjective probabilities. This line of thought, pioneered by the works (Kahneman,
1973) and (Kahneman and Tversky, 1984), has created a new field in finance called
behavioral finance. This theoretical research field focuses on the discovery and anal-
ysis of biases of the subjective probabilities and also on the deviations from the
assumption of maximization of expected utility. Due to these two ways, biases and
the deviations from expected utility maximization, of measuring and discovering
‘investor irrationality’ we infer that rationality can be viewed in the relation to
the objectives of the investor but also in relation to the means of achieving these
objectives.

2.8.1 What is an irrational investor?

A rational investor can be defined as an investor that takes actions consistent with
achieving his immediate objective. In financial literature, it is often implied that
the objective of the investor is the maximization of the expected utility of wealth
and rationality is measured in relation to the actions that are done to reach this
goal. This important limitation, of a single financial objective, can be the cause
of many false-positive results in judging the rationality of investors. As there are
professional athletes, who do sports for a living, and amateur athletes, who do sports
for pleasure, there are professional investors, with clear monetary objectives, and
also novice investors, that are learning to invest or trade just for the thrill of seeing
the up’s in the market. From this point of view, we argue that it is not easy to
find an investor that is irrational in relation to his objective. Let us assume that
an investor, with no financial education, buys stocks. His investment decision is
based on the price charts (or names) and the purchased quantities depend on the
stocks’ price quotes. In relation to the objective of maximizing expected utility of
wealth, such an investor is considered irrational. When asked, most of these kinds
of investors say that have never heard about expected utility and probably never
used this measure an objective. Most likely these investors wanted to learn about
financial markets and maybe gain some wealth. In view of this objective, we say
that this type of investor is rational because he is doing actions that help him learn
more about markets and that can sometime offer a return. In extremis, we can say
that someone that commits suicide is rational in relation with his objective (of not
living anymore). With this in mind, it is hard to find someone that is irrational in
relation with his personal objectives. In financial markets, there are investors that
want to make steady returns, others that want not to lose money, a growing number
of investors that want to be ethical or in line with their religious beliefs, some (if not
many) that want to get very rich (as quick as possible) and still many other investors
with different objectives. Some of these objectives cannot even be quantified and
measured and can be hard to rank in relation to the normative optimal objective of
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utility maximization. From this point of view, the vast majority of investors make
rational actions in relation to their own subjective objectives. In an attempt to
explain and justify the dynamics of markets one should keep in mind that aggregate
behavior can sometimes be better explained by a mix of investors that have different
objectives (among which utility maximization can be found) rather than by investors
doing unpredictable irrational actions whilst all having the same single normative
objective.

We argued that an investor can be regarded as rational in relation to his personal
objective, which can be different than the normative objective. Therefore, the action
of taking on more risk can be rational for an investor that has the objective of
making a lot of money very fast (while disregarding risk). If an investor’s actions
are in the same direction with his objective we say that the investor is rational in
relation to his objective. It is intuitive that investors don’t always do the optimal
actions in relation to their goals. For example, an investor that wants to maintain
the purchasing power of his wealth should invest in a bond or other security that
guarantees a return equal to at least the annual inflation rate. Accordingly, two
investors that buy bonds with a 5% return and respectively a 3% return are rational
objective-wise yet what can we say about their actions-wise rationality? Provided
that the investors’ country has shown a very stable inflation rate at around 2% per
year, we say that both investors are action-wise rational. If we compare these two
investors with another one that buys a government bond indexed on the official
inflation-rate, what can we say about the rationality of their actions? In our view,
we can say that all three investors are action-wise rational, though arguments can

"

be made about which one is better - which action is more " rational".

We have defined investor rationality as being related to objectives - objective-
wise rationality, and also rationality when related to actions specific to an objective
- action-wise rationality. One can see that an objective-wise rational investor will
make actions that can be ranked as being 'more’ or ’less’ close to the optimal ob-
jective action.

2.8.2 Are irrational investors present in financial markets?

The efficient markets theory (EMT), first introduced by (Fama, 1970), says that
in an efficient market all new information is immediately and correctly integrated
into price. In other words, the price is correct and an average investor cannot make
abnormal profits (more than the evolution of the market price). This theory does
not imply that markets are populated by some specific types of investors, but instead
implies that efficient markets can behave 'rationally’ as a whole. When referring to
individual investor rationality, the EMT defenders believe that irrational investors
cannot survive in a market since, as pointed out initially in (Friedman, 1953), they
will exhaust their wealth because of their bad decisions, especially by buying at high
prices and selling at low prices. Intuitively this assumption makes immediate sense:
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repeatedly buying and selling at a loss will exhaust one’s wealth. At a second look,
we say that it is not very probable to see an investor that will always buy and sell
at a loss. It is sometimes likely that after buying an asset, even if it is overvalued
at the moment of buying, its price will go up even more. A riging price gives an
irrational investor the opportunity of closing his position with a profit - that could
help decrease possible earlier losses. It is not likely that all irrational investors
would not close out a profitable position or that an overvalued asset would not
become even more overvalued. Indeed, there are numerous articles that build and
test models with irrational investors which preserve their wealth and can sometimes
control markets. In (De Long et al., 1991) we see the results of a model of portfolio
allocation by noise traders with incorrect expectations about return variances. The
authors show that these irrational action-wise traders (in this case called moise’
traders) can earn higher expected returns than rational investors with similar risk
aversion and they can even arrive to dominate the market.

Using an agent-based model of investors’ decisions, (Evans D. and Nettle, 2003)
argues that a biased behavior can actually be an evolutionary design feature rather
than a flaw of human decision-making. This study shows that under certain con-
ditions unbiased agents using classical expected utility maximization will be out-
performed by agents with human biases that have been documented in empirical
studies. The idea of ’irrational” agents surviving in a competitive market is counter-
intuitive and it immediately raises critics. We think that most of the critic for the
survival of irrationality is due to confusion in terms. We look first at the origins of
evolutionary rational markets and than explain why these concept don’t apply in
real financial markets.

Clagsical finance 'rationality’ has been defined as describing the actions of an
investor in relation to the optimal actions one should take whilst trying to achieve
the goal of maximizing the expected utility of his wealth. The pioneering work
of (Muth, 1961), (Radner, 1972) ,(Lucas, Robert E, 1978) have put the notion of
rational expectations in the center of academic finance. In order for investors to
portray and exploit rational expectations they must be able to discover the true
distributions of variables in the economy - otherwise, as pointed by (Gilboa et al.,
2009) there would not much rationality behind using a Bayesian rule in making
a decision (footnote - better not decide at all). To defend this idea, of investors
knowing (or getting to know) the true probabilities of economic variables, (Alchian,
1950), (Enke, 1951), and (Friedman, 1953) have introduced and argued the idea of
natural selection (or the market selection hypothesis). In a similar way, (Cootner,
1964) and (Fama, 1965) argued that in financial markets, investors with 'bad’ belief
(or with irrational expectations) will be driven out of markets (they will loose their
money and will not be able to get new ones) by investors with rational expectations.

A number of researchers have showed that this hypothesis of natural selection
(or market selection) does not always hold. (De Long et al., 1991) has showed
that using plausible biases, noise traders can survive as a group, earn higher returns
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than rational investors and even be able to dominate the market, in terms of wealth,
in the long run. Similarly, (Blume and Easley, 2001) argues that in an incomplete
market irrationality can survive. This result, as argued by the authors is important
because market incompleteness is natural.

As we pointed out in the first part of the article, investors can have different
objectives in markets and their actions can be rational in relation to their personal
objectives and not in relation to a normative objective. So, investors with apparently
‘irrational” behaviors persist in markets even if their goals are not those of utility
maximization or their actions are not optimal relative to the normative objective. In
real financial markets, professional managers and funds are benchmarked on market
indexes or relative to other similar managers or funds. Therefore, money controlled
by ’less-performing’ managers flow to 'more-performing’ managers. When particular
assets are overpriced, some funds can make excess returns and attract more capital
which is lost by funds that may have had the normative objective. Moreover, in (Yan,
2008) it is argued that even when investors or funds have the normative objective
accompanied by sub-optimal actions, their evolutionary disappearance from markets
will take a lot of time - long enough for new generations of similar investors to enter
the markets. Having argued that some forms of irrationality can persist in markets,
we will next discuss about modelling this assumptions into asset pricing studies.

2.9 A very short history of financial markets research

Our study uses the tools of computational finance and is based on the theory of
behavioral finance. This chapter presents a short history of financial market research
and highlights the place of our work between the modern academic financial theories.

One of the earliest modern financial markets was created in Antwerp, Belgium in
1531. Individual lenders and brokers meet there to exchange government, company
and also individual debt notes. Since than financial markets have constantly grown
and evolved. The total value of the world’s financial stock, comprising equity market
capitalization and outstanding bonds and loans have increased from "$175 trillion
in 2008 to $212 trillion at the end of 2010, surpassing the previous 2007 peak”
according to a report by the McKinsey Global Institute from August 2011. If we
take into account the fact that the world’s GDP in 2010 was $74.54 trillion we
can understand the vital importance of these markets. Because of their magnitude
in economic activity, financial markets have become a critical infrastructure of our
society. Consequently, financial markets are and have been for a long time the object
of academic research.

Because of the nature of academic research, which focuses mainly on past obser-
vations, financial research has always looked to analyse, interpret and understand
financial developments. Before 1950, most of the work done in financial research was
descriptive. There are some notable researchers, before 1950, which engaged in more
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axiomatic approaches to research in finance. Among these we can mention (Fisher,
1925) which explains a theory of interest rates and of the internal rate of return,
(Williams, 1938) that modelled theoretical stock prices as functions of discounted
future cash payments (dividends) or (Bachelier, 1900) that published in this doc-
toral thesis a theory on random stock price movements and also set the framework
of a mathematical abstraction called the Wiener Process.

After 1950 the neoclassical era of finance began. The beginning of this period
was marked by the works of (Markowitz, 1952) on Portfolio Theory continued by
(Tobin, 1956) with his theoretical extensions on the efficient frontier and the capital
market line. Although revolutionary at their time, these theories proposed meth-
ods based on very strict hypothesis that are hard to be meet in financial markets.
Other researchers based their work on a new founding theory in finance called the
Capital Asset Pricing Method. The CAPM, created separately by (Sharpe, 1964)
(Lintner, 1965) and (Mossin, 1966), offers a method for investors to value securities.
Even today the CAPM is debated and numerous studies offer proof for or against
the validity of this theory. Because of the non-axiomatic quality of social sciences

in general, and finance in particular, a theory can be argued both ways without
anyone being able to declare a clear winning argument. Even so, the CAPM has at
its core a set of strong assumptions like: all investors are rational and risk-averse
and are broadly diversified across a range of investments. These assumptions, and
especially the one implying the rationality of financial investors, have been recently
scrutinized by a series of studies in the fields of psychology and sociology. Since the
70 years, researchers like Daniel Kahneman and Amos Tversky have been research-
ing the cognitive mechanisms and the errors made by humans in the process of risky
decision making. In view of the Nobel Prize for Economy awarded in 2002 for (Kah-
neman and Tversky, 1979) work on "Prospect Theory”, we see that the academic
community acknowledged the inconsistencies of some of the modern finance found-
ing theories’ assumptions with the realities of human understanding and behavior
in risk-related situations. From these discoveries a new field in finance research was
created, namely behavioral finance. For a complete literature review on behavioral
finance we recommend the writings of (Hirshleifer and Teoh, 2003), (Barberis and
Thaler, 2003), (Subrahmanyam, 2008).

2.10 Summary of chapter

In this chapter we presented the social and financial context that motivates our
study. As indicated by our research questions, we explore the causal links between
investor behavior and the aggregate series of financial markets. We explained the
methodology we use, detailing its assumptions, advantages and disadvantages. We
end this first chapter with a short description of objective and action-wise ratio-
nality and a short history of financial research. The organisation of the rest of the
document is as follows.
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In Chapter 2 we explain the characteristics of the object we study: how financial
markets form prices and how investors construct their expectations and send orders.
We continue with empirical proof of the financial 'puzzles’ we seek to explain. In
the last part of the chapter we discuss the theoretical foundations of our research.

In Chapter 3 we give in-depth details about what is an agent based financial
market simulator and we review the relevant literature. Chapter 4 presents the
simulator we built and discusses the methodology used for testing and calibration.

Chapter 5 presents simulation runs which provide answers to the research ques-
tions.Chapter 7 presents a case-study application of our simulator as a tool for
research in finance and economics. Chapter 8 draws the conclusions, restates our
findings and offers hints to future work.
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In this chapter we explain the different proprieties that describe the system
we study: the modern financial market. We view a financial market like a system
composed of different types of elements: information sources, investors, orders, price
formation mechanisms and transmission media. Looking only at price formation,
we can view financial markets as a heterogeneous system that aggregates different
sources of information, via human interpreters (the investors), into an output called
the 'market price’.

Orders ) _ Market
nformation — | Price formation Prce

Investor

Figure 3.1: Global view of methodology
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In this work we focus on a single part of this system: the investor. Therefore,
we have made assumptions about how other parts of a financial market works. The
following paragraphs describe our assumptions. These descriptions constitute the
basis of a theoretical model of investor behavior that influences price formation.

3.1 Information and market prices

The basic ingredient that fuels a financial market is information. We consider only
the information regarding one particular asset from a financial market (ex: a stock).
Our model can be extended to support multiple assets and information sources.

A company’s stock fundamental value is computed from the actualised future
cash flows that will be released to stockholders from the company’s assets (see
equation 2.1). These future cash flows are estimated, by investors, using information
related to the different aspects of the company:

e FEconomic information: what does the company produce, at what costs (fixed
and /or variable)

o Market information: what will be the future market demand for the company’s
products

e Financial information: how is the company financed, is it in debt, what is the
probability it will go bankrupt if something unexpected happens

e Management information: how do managers use the company’s assets? Are
they doing their best to maximize the company’s net profits? Are they selling
their private stocks (insider trading)?

Knowledge of all these types of information is used to make estimations of future
cash flows. The sheer volume of information, necessary to understand one company,
is impressive and it is not easy for an investor to understand and keep up with all
the relevant details needed for correct estimations. Therefore, some investors rely on
alternative sources of "higher-level” information like, see (Abreu and Mendes, 2011)
or (Bebczuk, 2003) for reviews:

e Analyst’s reports and recommendations
e Peer opinions

e Technical information

Financial analysts,as reported by (Barry and Jennings, 1992), with solid finan-
cial knowledge, provide regular estimates of companies’ stock values. Their job is to
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digest and interpret information and to write investment reports and recommenda-
tions. Investors often use these recommendations to make their investment decisions
and update their portfolios. The accuracy of analyst recommendations can be mis-
leading and is a catalyst for the distortion of market prices. Numerous research
studies focused on the influence of such recommendations and they showed that
analyst opinions can have good as well as bad effects on market efficiency. For a
good review of research related to financial analysts’ recommendations we suggested
reading (Ramnath et al., 2006).

As an alternative to analyst recommendations, investors use information pro-
vided by their peers, see (Chang et al., 2000). In financial research literature this
behavior, called 'mimetic’, implies that an investor ignores other sources of informa-
tion and bases his decisions on the interpretation of another investor. Such behavior
is justified by the fact that some investors (ex: portfolio managers that disclose their
results) show consistently good performance. It seems natural that investors seek
to imitate the decisions of constant winners (and hope to achieve the same results).
This behavior can lead, in extremis, to prices which reflect the opinion of a sin-
gle group of investors and therefore are disconnected from the underlying economic
fundamentals. This was the case with the 2001 I'T bubble, when investors and ana-
lysts where bidding up prices for technology start-ups when those business did not
respect certain basic accounting and audit requirements. Some analysts and in-
vestors defended their views by quoting theories on how to make 'new’ evaluations
that justified the high prices. In the case of the 'dot-com’ bubble, financial markets
did not manage to correctly integrate all the available information into the market
prices. Instead,as analyzed by (Sharma, 2009), investors focused on a particular
source of information that gave a short-term profitable evaluation of stocks but a
wrong evaluation of long-term value.

Even when information of quality is abundant, investors can still (and do) choose
to ignore information about fundamentals and engage in 'technical analysis’. "Tech-
nical analysis’, as thoroughly explained by (Lo et al., 2000), consists of a set of
methods that help investors compute an expected value of the future stock price
based on historical price information.

The underlying assumption of market efficiency is that prices reflect perfectly
and completely all economic information. Thus, looking at fundamentals is not use-
ful for making excess profits. Technical traders do not believe markets are efficient
and they focus on discovering trends and patterns in prices. Using statistical meth-
ods they try to make profits out of repeating patterns. If a 'trend’ or pattern is
detected by a sufficient number of technicians then, through sharing of information
or independently, there is a possibility that their combined actions will actually cre-
ate a trend in price - realizing what is called a ’self-fulfilling prophecy’. (Fernandez
et al., 2009) and (Jordan, 2006) provide good accounts of such prophecies.
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3.2 Asymmetry and quality of information

From the previous examples we saw that investors are faced with a large volume
of information. If we assume that investors can, on average, extract the relevant
information we should also consider the possibility that information can sometimes
lack in quality or precision.

One of the theories standing behind the idea that information can be correctly
inferred from a variety of sources is the central limit theory, see (Dudley, 1999) for
an exhaustive description of central limit fundamentals and applications. To see
how this theory works with information we propose the following example: Imagine
a hundred people that can observe a transparent jar filled with an unknown number
of plastic balls. Each individual is asked to look at the jar (without opening it) and
give an estimation of the number of balls that are inside.

N+e, \

Central limit

P

N balls

Figure 3.2: Estimation of correct information with central limit theory

The observers estimate the number of balls using different approaches: counting,
mathematical analysis using volumes, guesses,thumb rules or other methods. There-
fore these individuals estimations are biased. The idea of the central limit theory
is that if we have a sufficient number of independent and identically distributed
estimations, implying that people do not exchange ideas, than the distribution of
the average estimation will be normally distributed and it’s mean will be the true
number of balls in the jar (N). In other words, according to the central limit theory,
we expect to have a similar number of people that will undervalue N as people that
overvalue N. Moreover, for this theory to hold, it is crucial that each evaluation is
independent. In Appendix A.2 we provide a programming code that can prove the
above facts.

We know that due to mimetic behavior, see (Cipriani and Guarino, 2009)

5
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(Chang et al., 2000) for literature reviews, investors don’t always make indepen-
dent interpretations about asset proprieties. For this reason, the basic assumptions
for the validity of central limit theory are not meet in financial markets. Economic
studies, as reported in (Kirman, 1992), usually use the concept of a representa-
tive individual. The above consideration cast doubt on such simplifications of real
systems.

The mimetic and asymmetrical biasing of information or its interpretation is
ubiquitous in financial systems. This behavior is found with company managers as
well as financial analysts. Company managers, as reported by (Kyle, 1985) or (Bran-
douy et al., 2000), have the incentives to abuse insider information or deform finan-
cial and accounting information. Through the process known as "window-dressing",
company managers can report inflated numbers concerning the performance and
well-being of their companies. These practices, also called "creative" accounting,
have led to mispriced stocks and artificially enabled the rise and fall of numerous
companies like ENRON', Lehman Brothers or WorldCom. A good review of such
occurrences, as well as their ethical context, can be read in (Amat and Gowthorpe,
2004) or (Beattrice and Grosanu, 2011).

We have to consider that investors understand and can, sometimes measure, the
quality of the information they receive. Moreover they understand the fact that there
is an asymmetry of information between investors as well as between investors and
managers. Therefore, the (perceived) levels of information quality and asymmetry
can represent in themselves sources of information.

Financial information

N . Investor interpretations and actions
and analyst interpretations
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Figure 3.3: Transformation of information into market prices

As in Figure 3.3, investors are faced with multiple sources of information that

'Read (Barreveld, 2002) for detailed explanations about the creative accounting methods used
in the case of ENRON
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can shape their estimations. It is easy to imagine a scenario were a bubble can arise
due to poor information. To avoid such wrong interpretations, investors usually
attach a measure of risk to investing in a certain stock. This perceived risk has a
number of explanatory components:

e fundamentals of the company
e quality of information

e quality of market

By estimating risk factors, an investor can compensate for the lack in the quality
of information. Like with economic information, risk-related information can also
be biased and lacking in quality.

The subprime crisis is a good example of a problem that arises from the lack
of information about risk factors, see (Landier et al., 2011), as well as the dot-
com bubble? is an example for bad market estimations of future cash-flows. In
the first case, new financial innovation permitted the creation of mortgage-backed
assets that were so opaque and complicated that investors could not make good
estimations about their respective fundamental values. Yet, even if these assets
would have been correctly price it is very possible that the markets would have
missed an important risk factor: the systemic risk. The collapse of the Lehman
Brothers investment bank affected not only the mortgage-backed securities market
but the entire American financial system. Soon after, a chain of events unfolded and
researchers and regulators called for more transparency on financial institutions as
well as for more information collection in regards to ’systemic risk’.

Systemic risk refers to the possibility of collapse of an entire financial system
or of an entire market. It should not be confused with a well-known risk called
'systematic risk’ which is not diversifiable and refers to the vulnerability to events
that affect aggregate outcomes of markets.

We saw how information about a specific asset comes in high volumes and can be
wrongly interpreted. The next phase, in the process of transformation of information

3.3 Investors

Investors are people with savings (or managing the savings of others) who are look-
ing for opportunities to invest their capital. They have access to a wide range of
information sources and by compiling this information they make their investment

2See (Ofek and Richardson, 2001) for a complete description of the rise and fall of Internet stock
prices
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decisions. The process of transforming information into an aggregate measure, which
reflects the attractiveness of a certain asset, is difficult and partially subjective.

Classic financial and economic theories often make hard assumptions about how
investors interpret and use information. Until recently, these assumptions included
that investors interpret information correctly and react only to economic information
(meaning they don’t have biases and are not persuaded by rumors). The founding
studies of (Kahneman and Tversky, 1979) and (Kahneman et al., 1981)showed that
investors display a set of behavior biases that affect both the information they
perceive as well as their investment actions. Next we describe the most common
behavior biases that affect investors in financial market.

3.4 Behavior biases

According to the modern financial theory, all investors are perfectly rational, risk-
averse, correctly interpret information and come up with the same future expecta-
tions. It is possible that such investors exist but it is not likely that all investors
have these characteristics. To explain 'non-rational’ behavior cognitive psychologists
have worked to understand how people actually interpret information. We underline
the idea that the following human cognitive traits are defined as biases in reference
to a theoretically correct rational expected behavior. Recent studies, see (Dupre D.,
Girerd-Potin I. and P., 2006) and (S. and P., 2009), have showed that investors can
use non-economic based measures, like ethical or social-responsible measures, to ad-
just their portfolios. Therefore we cannot attach a character of 'wrong’ or 'right’ to
such human qualities. Alongside the definition of a behavioral bias we explain their
possible impacts in financial markets.

The cognitive dissonance bias is representative for a person that ignores in-
formation which is contradictory to his current beliefs. Imagine an investor that has
bought a stock and formed the belief that the stock’s value will rise (which would
give him a profit). Having a 'cognitive dissonance’ bias the investor can sometimes
ignore relevant information that indicates the contrary to his beliefs. Such a bias
can be a simple explanation for price bubbles, where even if abundant information
exists about prices being overvalued investors still ignore them and continue trading
at high prices. Another implication of this bias is seen when investors tend to hold
on for too much time to losing stocks or when they do not cash in in on winning
stocks.

Another famous and important bias is called the hindsight bias. This bias
affects investors that alter their beliefs in face of new information. This implies
that new and revealing information can drive investors to instantly change their
beliefs and forget their older perspectives. A trivial way in which investors exhibit
such a bias is when they say: "I knew it all along that a crash was due" (even
though they didn’t exit the market before the crash). Because investors have a
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tendency to view the realization of risky events as being ’already predicted’ they tend
become overconfident with their investment strategy and in general with their ability
to predict markets. As mentioned by (Shiller, 1980) "hindsight bias encourages a
view of the world as more predictable than it really is", Even in face of important
losses, investors can, due to hindsight, find ways to defend their strategies and
beliefs. Because investors sometimes need to be right (more than they need to rest
objective) it is plausible to say that some will persist in markets even when they
suffer important losses. In this context, it is possible that incorrect strategies or
price expectations can persist, for long periods, in financial markets.

Closely related to the hindsight bias, availability bias is also observed in the
behavior of investors. The ’availability bias’ implies investors tend to overestimate
the probability of an event when examples of realizations of the event are presently
available. For example, when seeing a rise in stock price for a few periods and in-
vestor can make a biased judgment and draw the conclusion that prices will continue
to grow. If prior information provided a different picture (not supporting growth)
than an investor can still change his beliefs (in favor a raising price trend) if he is also
affect by the ’hindsight’ bias (which will distort his recollection of older information
that negates the new raising trend belief). In a more general context, the "availabil-
ity’ bias is often triggered by news bulletins that focus on a particular type of event
(ex: shark attacks, car accidents, etc.). If a news bulletins is repeated a few times,
a considerable number of viewers will estimate the probability of occurrence of the
events displayed (probability of getting attacked by a shark) as much higher than it
actually is in reality. Thus the "availability’ of a few repeated realisations of an event
will distort people’s estimation of the likelihood of the event. The ’availability” and
the ’hindsight’ bias have been described in (Kahneman et al., 1981).

In opposition to the previous bias, some people tend to exhibit an owver-
confidence bias, or conservatism bias as first proposed by (Edwards, 1968). Be-
cause of this bias, investors tend to underestimate the weight of new information
and overestimate the importance of their older information. In the he famous study
about car drivers,(Svenson, 1981), the researchers asked people to rate their driving
skills relative to the average driver. The results, mathematically impossible, showed
that a high majority of drivers considered themselves as having ’about-average’
driving skills.

The representativeness bias affects human cognition by allowing for overval-
ued beliefs about the probability of an event provided we observe events that have
similar proprieties with the event we are looking for. Such a biased interpretation
will trick us into making generalisations about the statistical proprieties of an entire
population based on the proprieties of a single sample. If we prompt a person to
estimate the probability of a 'special’ coin falling on its face (1) most would prob-
ably answer 50%. In contrast, if we show a realisation of a series of tosses, like
1101011, most people will wrongly assume that the probability of the coin showing
1 is more than 50%. The sequence 1101011, of realisations of a coin toss, has the
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same probability of appearing as does the sequence 1111111 (or all zeros) and these
samples come from the toss of a perfectly balanced coin. In a financial market,
such a cognitive bias can be responsible for trend creation: investors who observe a
close sequence of positive returns can infer that it is more likely that positive, rather
than negative, returns will follow. In a large time-frame, this equates to the belief
that 2,3 consecutive years with positive returns implies that the next year’s returns
are more likely to be positive than negative (fact that is statistically incorrect). In
(Griffin et al., 1993), the authors propose two characteristics for information: force
(intensity of change in the watched variable) and statistical weight (probability of
such event occurring). They observe that information with high force is considered
as pertinent even if its statistical weight is insignificant.

The five types of biases presented can, in isolation or combined, have multiple
effects on the way investors perceive and interpret information of different types.
Besides a biased interpretation of information, investors can diverge from the 'ra-
tionally expected behavior’ because of their investment objectives which can be
different from the maximization of utility of wealth.

After investors have interpreted the available information they send their in-
vestment orders to the market. These orders are gathered and introduced in a
price formation mechanism that creates the market prices. While this mechanism is
completely deductive (unbiased and predictable) some of its variations can have pro-
prieties that influence the quality of markets and the ways through which markets
become more efficient. Therefore we describe in the next chapter different methods
for the formation of market prices.

3.5 Price formation mechanism

After receiving and interpreting information, investors send orders to the market in
relation to their investment objectives. These orders can be divided in two main
categories:

e Market orders: orders that specify the direction of the action (buy/sell) and
the amount of money /stocks that are involved in the trade. These orders will
be executed, if possible, at the best available market price. Market orders
usually have higher priority than limit orders.

e Limit orders: orders that have the same specification as a market order with
extra information describing the maximum /minimum price the investor is will-
ing to accept in order to buy/sell assets. There are several variations of limit
orders (ex: all-or-cancel, stop-losses, time-limits) which help investors take
very specific actions in a market.

These orders are received and introduced into the market’s execution system.
This system consists of a set of procedures that discover market prices and match
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orders of buyers and sellers. Depending on the market, the execution system has
different types of sessions: call market sessions or continuous sessions.

With call market sessions trading occurs at well-specified times. All orders
are gathered in an order book and at specified moments times a market price is
discovered based on certain requirements, usually volume maximization (see chapter
for a detailed presentation of such a price discovery method). In this type of market,
the trade execution system is called "single price auctions’. All matching trades are
executed at the discovered unique market price (as long as this market price is
between the buy and the sell prices).

During continuous sessions trading occurs at any time during the session. A
market order is executed immediately using the best counterparty available. A limit
order is executed when another limit order is suitable as counterparty (or a market
order arrives). Orders that are not resolved are placed in a limit-order book for later
processing. This type of session allows traders to execute their orders faster (and
therefore quickly profit on their information). The execution procedure for trades
in this case is called 'continuous two-sided auctions’.

Having reviewed the types of orders available as well as the trading sessions, we
discuss the different types of execution systems available:

1. Quote-driven markets: investors don’t have the possibility of trading
between each other. A specialized financial partner, called " market maker", places
quotes at which he is willing to buy and sell assets. The market maker offers liquidity
and is the counterparty for every investor.

2. Order-driven markets: Investors can trade directly between themselves.
The orders are stored in a common place and are solved according to different rules.
There are numerous variations of order-driven markets that dictate the way in which
trades are matched:

a) Oral auctions: investors publicly express their offers for buying and selling
actions. In opposition, sealed auctions give investors the possibility to make private
offers (usually found in real-estate markets).

b) Rule-based system for matching orders: according to specific rules the prices
for trading are discover. Different rules are used for different types of markets.
From these we describe one of the variations which we didn’t previously mention
(like single price or continuous two-side auctions): Crossing networks. In crossing
networks trades are executed at prices that are not produced by the orders from
this market. The trading prices are set elsewhere, usually another market. These
markets are very specialized and are considered as ’alternative trading systems’.

A good review about the different microstructure aspects of market can be found
in (Harris, 2002). It is important to understand that each market price formation
mechanism serves specific objectives. Yet, these systems are all conceived to "cor-
rectly" (unbiased) represent the beliefs of the trading investors.



3.6. Price anomalies and explanations 43

3.6 Price anomalies and explanations

We saw the elements that assure the formation of prices in financial markets. Now
we define and explain some of the puzzles that are found in the time series of real
financial markets. We will be reproducing these "puzzles" using our model of a
financial market.

If we consider any price/return series from a financial market, it would be in-
teresting to compare such price series with the asset’s fundamental values. Because
such fundamentals rarely exists (like audited periodic financial reports, which have
too few observations) we are left with looking at the statistical proprieties of these
series. According to the consequences of the efficient markets theory, assets returns
should have normal distributions. Instead, real market return series exhibit distri-
butions with "heavy tails’, also called leptokurtic. This feature implies the following:
there are too few average returns and too many extreme returns as opposed to what
the theoretical model proposes. To illustrate this 'financial oddity’ we can look at
the return series of the French CAC40 index in the period 1990-2012.

Figure 3.4: (black) Distribution of CAC40 returns, (green) Normal distribution

We observe that the CAC40 has more extreme returns (the average returns +/-
three times or more the standard deviation) than expected. Similarly, the return
distribution has less than expected medium returns (average return -+ /- two times
the standard deviation) and more than expected average returns. One other return
anomaly called ’day-of-the-week’, (Louvet and O, 1990) and (Louvet and Dubois,
1996), implies that returns are consistently higher in some days of the week than in
others. Discovery of this inefficiency led the way to its disappearance and it is now
rarely observed.

Another interesting financial puzzle has the name of * volatility clustering’. As
first explained in (Mandelbrot, 1963), the puzzle implies that large changes tend to
be followed by large changes,of either sign, and small changes tend to be followed
by small changes. This phenomenon is put into evidence by the existence of a slow-
decaying autocorrelation function between the absolute or squared returns of asset
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prices.
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Figure 3.5: Autocorrelogram of absolute CAC40 returns

As documented by (Louvet and O, 1993) and (Louvet and O, 1997), if we look at
the same market indicator, CAC40, we observe that its simple returns are not auto-
correlated, therefore confirming the weak-form efficiency theory. Looking at Figure
3.5 we observe that absolute returns are correlated to each other with a strength
that decreases slowly and lasts for almost 200 days. This propriety is also called
'volatility clustering’, a tendency that returns can have persistent levels of low or
high volatility levels. Because high/low volatility implies, with statistical signifi-
cance, a future high/low volatility level we say that the behavior of the market at
time t+1 can be, in a certain degree, estimated from the market data at time t.
Thus this propriety is also called a long-memory of volatility, see (Ding et al., 1993)
for a mathematical model. As shown in (Brandouy et al., 2012a), stylized facts like
the ones presented above and below, have been already reproduced using statistical
models or market microstructure constrains which are unfortunately unrealistic in
terms of investor behavior. Different methods for measuring market efficiency have
been used, from the ones mentioned above to others that use complicated statisti-
cal models like (Herve, 1992). In our study we investigate the possible behavioral
characteristics that cause such empirical financial puzzles.

Price bubbles are one of the most important 'puzzles’ of modern financial mar-
kets. Even the definition of such an event is still debated and there is no widely
accepted definition. In (Stiglitz, 1990) the author offers this definition of the puz-
zle: "“the basic intuition is straightforward: if the reason that the price is high today
is only because investors believe that the selling price will be high tomorrow-when
"fundamental” factors do not seem to justify such a price-then a bubble exists." If
we disregard its actual causes, the fact remains that we can recognize bubbles when
prices raise and then drop dramatically.
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Figure 3.6: US residential real-estate price index (Source: S&P Case-Shiller Home
Price Indices)

One of the most recent important price bubbles was seen in the US real-estate
market, as explained by (Levitin and Wachter, 2012), where prices kept rising for

the last ten years, escalating in 2007 with an abrupt growth and crash (see Figure
3.6).

Besides these classical "financial puzzles’ we draw the attention towards two mar-
ket quality measures: wolatility of returns and signal to noise ratio. The volatility
of returns is today at the kernel of all generally accepted investment risk mea-
surements. The higher the volatility of an asset the higher are its risk measures.
Investors compute risk using the information they receive. If investors do not agree
on risk levels, prices fluctuate until a consensus is found. So, the more precise and
clear the information the easier can investors interpret and estimate risk. With the
advent of electronic markets, high-speed internet and digital media it is clear that
information is available in abundance and on demand. Therefore we can imagine
that increases in volatility, due to information asymmetry or lack of quality, should
have disappeared. The empirical evidence shows the contrary. In the middle graph

we can observe that the volatility level has been steadily increasing the in last 15
years.

The signal to noise ratio is computed, see Annexe A.3 for code, using the formula
S = Z—g. This measure is usually used in engineering to measure the ratio between
a desire level of a signal and the surrounding noise. In finance we know that returns
are linked to volatility via risk. The higher risks an asset has, the higher should be
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its returns as well as its volatility. We measure S, see Figure 3.7, for the returns
of the CAC40 index and observe that it is decreasing. In windows of 250 days, we
compute the volatility and mean of returns of the CAC40 market index.

Volatility of CAC40 returns
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Figure 3.7: In 250 days time-periods: (above) Volatility of returns of the CAC40,
(below) Signal to Noise Ratio of CAC40 returns

We observe that the signal-to-noise ratio is decreasing, which implies that volatil-
ity (a measure of risk) is growing much faster than returns thus rendering prices less
and less informative. The authors of (Silver, 2012) explain in detail, and with a
great number of examples, how can signal to noise ratios explain the failure of most
investing strategies. From an informational view, we are left wondering if the new
technologies, like high frequency trading (see study of Litzenberger et al. (2012)),
have more likely hindered the quality of information that investors receive. Another
explanation could be that instead of the changing quality of information, it is the
changing structure of economies (more interconnected, more fragile, with unpre-
dictable political influences) that have provoked a general increase in the perception
of risk and consequently in the growth of volatility in financial markets.

All these empirical financial 'puzzles’ are proof that the predominant financial
research theories are not entirely reflected in real financial markets. As we mention
in the first chapter, most modern financial theories are theoretically correct but
the market states they describe are usually normative. Real market have not yet
been reached such states. Researchers, using classical approaches, are trying to
explain the anomalies by making slight theoretical alternations to accommodate
these empirical realities.
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3.7 Classical approaches to studying market dynamics

Market dynamics refers to the study of the aggregate behavior of markets. The
theoretical foundations for the market models, used to describe such dynamics, are
based on a few important paradigms:

e Portfolio theory developed by (Markowitz, 1952)
e Capital asset pricing theory, CAPM, developed by (Sharpe, 1964)
e The expected utility theory initiated by (Bernoulli, 1954)

e Efficient market hypothesis proposed by (Fama, 1970)

As described in the previous chapter, the ensemble of these theories has been
found not to coincide with some empirical proof (also called ’stylized facts’). Good
reviews of empirical puzzles can be seen in (Thurner et al., 2012) and (Cont, 2001).
The assumptions that rest at the foundations of these theories are rather strict and
are often quoted as the source of the discrepancy between the theoretical description
and the market reality. The aforementioned theories share a number of fundamental
assumptions:

o All traders are rational: In the view of the founding theories, rational implies
that the trader has perfect information and maximizes the expected value of
his utility function.

o All traders have homogenous expectalions: This assumption implies that
traders share the same expectations about returns and risks of assets. This
assumption could be valid in two ways:

1. All traders share the same information and since they are all perfectly
rational they arrive at the same conclusion

2. Traders don’t have the same information but they exchange between them
information on their expectations of risk and return

o Trading mechanisms don’t affect price formation: Different methods of price
formation allow for the same market prices. This statement also assumes that
individual trades don’t have any effect on prices.

o The market is efficient: This assumption has many implications and acts as a
safety-net for the previous assumptions. Firstly, this idea implies that all less
than rational investors are supposed to be driven out of the market because
the other rational investors will profit off of them. Secondly, rational agents
with less than perfect information will be driven out of the market by agents
with superior information. Thirdly, because the market will have only rational
investors with perfect information it will behave as an efficient market.
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Some of the first empirical studies of the dynamics of financial markets intended
to support these market theories. New and more powerful tests have revealed many
more inconsistencies in real markets. (Un) fortunately some of the stylized facts
first discovered (like the ’January effect’ or the 'Monday effect’) have faded away
(probably due to arbitrage). The disappearance of such empirical facts has sparked
the debate about whether stylized facts are just phenomena that will be eliminated
by the markets (because of their imminent efficiency) or that implies the need for
revising the founding theoretical models of financial markets.

Researchers have focused their attention on the verification of all of the main
assumptions of the modern financial theories. Microstructure studies focus on the
links between price formation and the price formation mechanism. Evidence, like
(O’Hara, 1998), exists that the price mechanism can influence the efficiency of mar-
kets. Moreover the distribution of information throughout a market is an important
factor for market efficiency (Glosten and Milgrom, 1983).

Behavioral finance, an emerging research trend, investigates the assumptions of
investor rationality and homogeneity. The two main methodologies used in behav-
ioral finance are experimental studies and agent-based simulations. Experimental
studies consist of either surveys or laboratory experiments. These studies are use-
ful because they can control, to a certain extent, the environmental settings of
the studied individuals and observe their behavior when face with investment re-
lated decisions. The aim of this type of studies is to discover how investors make
decisions under risk. Ground-breaking advances using these research methods have
been made by Nobel Prize winner Daniel Kahneman (in association with Amos Tver-
sky). Their 'prospect theory’, (Kahneman and Tversky, 1979), shows how investors
have biased perceptions of information depending on environmental conditions (e.g.
losses, wealth). A good article explaining the advantages of behavioral finance is
(Mitroi Adrian, 2007).

Microstructure and experimental studies have provided proof that most assump-
tions, used by the founding financial theoretical models, are not encountered in real-
ity. Still, the implications of the market efficiency theory state that these empirical
findings are a source of profit for rational investors and are sure to be eliminated.
To test such assumptions, a new research methodology has been devised, called
"agent-based artificial market simulation’.

3.8 Summary

In this chapter we presented the components of a generic financial market,
from the point of view of the transformation of information into prices. Firstly,
we showed how information quality can affect the formation of prices. Secondly,
we explained the main categories of biases, of perception, behavior or cognition,
which real investors suffer from. Thirdly, we described the main types of price
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formation mechanisms that exist in real markets. We gave references to studies that
show how these mechanisms affect the efficiency of markets. Next we described the
'stylized facts’ and other market quality measures that show there are inconsistencies
between market empirical realities and the implications of current financial theories.
In the conclusion, we presented the main classical approaches used in analyzing the
dynamics of financial markets.
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4.1 Complex systems

Before we define and understand the purpose and meaning of an agent-based simu-
lator we will explain the theoretical basis of the problems it solves.

In the world of academics, the hypothesis and methodology of reductionism, as
noted by (Nagel, 1961),(Anderson, 1972), is widely accepted as a valid and produc-
tive method of research. Methodological reductionism can be described, loosely, as
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the idea that a system, be it a human, object or phenomena, can be fully explained
by understanding the laws that govern the inner basic particles of that system.
Reductionism can be view as theoretical, when one theory can completely explain
another theory, methodological or ontological, for example when we view the world

of being composed of a single building part (like the atom). We will focus on the
methodological aspects of reductionism.

In (Anderson, 1972) the author confronts this hypothesis and shows a few ex-
amples when reality points that reductionism is not enough. We propose a few
examples of systems, closer to our domain of expertise, that cannot be fully un-
derstood using a reductionist methodology. These examples will guide the reader

towards understanding complex systems, their problems and how can one study
them.

A gystem is defined by a set of components, and the interactions between them,
located within a boundary that defines the surroundings of the system. For example,
a pool table can be considered as a system (see Figure 4.1). The balls and the sides
of the table represent the system’s components and the outer sides of the table act
as a natural boundary. The balls and the table sides can interact and are guided by

a mix of forces: gravity, friction (with air and table) and elastic deformation (when
balls collide with each other or with the table sides).

SURROUNDINGS
L SYSTEM
BOUNDARY

Figure 4.1: Representation of generic complex system

Because such a system, a pool table, follows known rules we are able to construct
an analytical model that predicts that state of the system (position of the balls, etc.).
If we interact with the system, by hitting a ball with a cue, we can also easily predict
the trajectory of the ball and that of the first balls that are also touched. In fact,
professional pool players do these kinds of models and predictions in order to win
pool games. A similar system is represented by a car on a road. We know all
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the components of a car and how they work and interact with each other. If we
start the engine and push the right pedals the car will start moving forwards (or
backwards) in a direction that depends on the position of the steering wheel and the
gear selected in the gear-switch. So far, a car looks like a simple system. We can
define a "simple system" as a system that has, as a whole, properties (trajectory,
states, etc..) which are determined from knowing the properties of all the individual
components. A pool table and a car are considered as "simple systems".

What happens if we decide to introduce a human driver into the car’s system?
Are we still able to predict the car’s position? We can, provided we know the
laws that a human driver obeys. Unfortunately, there are no good models that can
predict the way in which a human driver acts. Consequently we make assumptions
about how a driver will act, based on certain observations. We assume that a driver
reduces speed to avoid obstacles or stays on the correct side of the road. Using this
model we make predictions about the road system’s state in the future. Moreover,
knowing that policemen place sanctions and fines on drivers that misbehave, we can
even postulate an ’efficient roads’ theorem:

A transportation system is called efficient if the trips of all cars are fast and
on time’. To ensure such efficiency, regulators have created traffic controllers (e.g.
traffic police, traffic surveillance equipment) that observe and sanction irregularities.
If empirical irregularities are observed (queues, roadblocks, etc.), traffic controllers
intervene (with sanctions and fines) thus forcing the 'non-rational’ drivers to behave
well in traffic. A corollary to this theorem can be that all drivers are rational and
obey perfectly the traffic laws. Those that are not rational or don’t obey rules are
quickly fined and punished until they do become rational drivers or they lose the
right to drive.

The result of such a model is that we would miss out on a number of system
states (like traveling only in reverse, speeding while approaching an obstacle or
changing lanes, flipping the car upside down because of excessive speed in a curve,
etc.). Moreover, even if traffic control has been in place for a long time the result
is we still have a considerable number of misbehaving drivers that often provoke
traflic problems. Even when these human factors are eliminated, traffic is still not
efficient since we often see road jams. In real life drivers are often very "creative"
and surprising in their actions, and are not at all orderly and respectful of traffic laws
(as our "efficient roads" theory predicts). Because of the non-deterministic nature
of human thinking and actions, it is almost impossible to create an analytical model
of a human. Therefore we cannot easily predict the state of a system which has as a
component a human factor. These kind of systems, among others, have been coined
"complex systems". See (Licata and Sakaji, 2008) and (Kaneko and Tsuda, 2001)
for good introductions to the theory of complex systems.

Because "complex systems' represent a new object of study, they don’t have a
standard definition. Here are a set of definitions that may better express the idea
of a complex system:
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A complex system is a highly structured system, which shows structure with
variations (N. Goldenfeld and Kadanoff)

e A complex system is one whose evolution is very sensitive to initial conditions
or to small perturbations, one in which the number of independent interacting
components is large, or one in which there are multiple pathways by which the
system can evolve (Whitesides and Ismagilov)

o A complex system is one that by design or function or both is difficult to
understand and verify (Weng, Bhalla and Iyengar)

o Complex systems are systems in process that constantly evolve and unfold over
time (W. Brian Arthur).

o Complex systems are composed of interacting units. They exhibit emergent
proprieties, that is, properties arising from the interactions of the units that
are not properties of the individual units themselves (Flake G.W.)

All these definitions have a common idea behind them: a complex system’s
proprieties are hard to predict by knowing the individual parts and applying a
classic analytical model. There are different subtypes of complex systems. Chaotic
systems are very sensitive to input conditions. Depending on the initial state the
system can develop (non)deterministic non-evident future states (like the Brownian
movement or a double pendulum). Adaptive complex systems have components
that evolve and are able to adapt their behavior according to the past experiences
(like stock markets, human immunity system, bird flocks, etc.).

Modern science has, until recently, viewed most systems as being simple and has
modeled them using few variables and a simple dynamics structure. This method
has worked especially well in natural sciences which deal with universal laws (gravity,
motion, entropy, etc.). With such models, scientists discovered nuclear energy, gas
motors and electricity. Using the same reductionist point of view we immediately
notice that two natural systems: diamonds and graffiti (used in pencils). Both
systems have the same basic structural components here carbon atoms) yet can
have extremely different overall proprieties when the structure of the connections
between atoms is slightly different. Extending this idea, we see that everything
around us is made of the same atoms but the patterns of their interconnections can
lead to very different objects (e.g. ink, egg shells, hair, petrol, etc...).

If we regard a system consisting of a chicken egg we know that if we don’t expose
this egg to heat (or to too much heat) it will go bad (rot). Instead, if the egg is
properly heated (constant temperature on all the sides of the egg) it will develop into
a living chick that will break the egg shell. While it looks simple, from a modeling
point of view it is a difficult problem because the slight variation of a single factor
leads to completely different results (decomposition vs. the development of a new
life form). The complex system representing an egg acts like a chaotic system since
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a variation in a single input variable (e.g. temperature) can generate very different
results in the system outputs.

Acknowledging that a financial market has, as participants, many heterogeneous
individuals, each one of them being a non-deterministic system, we safely say that
a financial market is a complex system. Professor Herve Alexandre mentioned, see
(Herve, 1994), the phrase "deterministic chaos" when describing stock markets. In
the traditional view of modern finance, financial markets are viewed as very sim-
ple systems with homogenous investors that compete and create excellent market
conditions. This way of viewing and studying systems, from the perspective of an
idealized framework, was borrowed from natural sciences. In our opinion, a the-
ory like CAPM is perfectly suited for the study of financial market with "identical
perfectly-spherical investors that trade non-stop using infinite resources in a vacu-
umed thermodynamically stable environment". The problem with this approach is
the assumption that the developed theory can be adapted and maintained as valid
even when some of its’ assumptions are relaxed. As we have seen, relaxing variables
is not an acceptable method for the case of complex systems where slight changes of
the initial system states (heated or not heated egg) can generate completely different
future aggregate states. Inside a financial system, a slight change affecting a vari-
able, for example a new law like ’compulsory subprime loans on bank’s assets’, can
create extreme changes in the behavior of participants (real-estate speculation, ex-
cessive consumption, higher appetite for risk) or inside the market’s structure (debt
securitization, asset packaging and repackaging). Such systemic changes, triggered
by small variation of inputs, cannot be captured inside abstract dynamic (stochas-
tic) general equilibrium homogenous models. Because they adapt to new inputs
and interactions with new trading opportunities, investors can react and create new
non-evident dynamics for every new input condition. Moreover, because of this con-
stant evolution of the participants in a financial market an equilibrium state (e.g.
efficient market) may not even be reachable (or at least not in a time scale of inter-
est). (Brandouy, 2005a) explains how complexity governs and should be taken into
consideration when looking at critical phenomena in the world of finance.

Due to the homogeneous and reactive nature of the components inside a com-
plex system, classical analytical models of research are often not very useful. The
concept of multi-agent simulation emerged from this need of making better models
of complex systems. By creating a simulated system where the components have
relatively simple rules and can interact with each other we can recreate system-wide
proprieties that resemble those of real systems.

An agent-based simulation is a research tool that can model the components of
a real system using simple rules and interaction methods. It is important to note
that an agent-based system can have the same system qualities of a real system.
For example, using this method researchers have discovered that birds need to fol-
low three simple rules to form the V-shaped flock arrangements we observe during
migration periods.
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In financial markets, the goal of agent based simulators is to find sets of micro
specifications and interaction rules and observe how these rules affect the main char-
acteristics of the market: prices, volumes, microstructure quality and informational
efficiency. Classical approaches for studying financial markets can be regarded as
equation-based models. Such models usually make hard assumptions like that all
investors are perfectly informed, that they are rational (as opposed to bounded
rationality which we explain in this chapter). Agent-based modeling provides a rig-
orous method for relaxing and testing these assumptions (e.g. limited information,
bounded rationality or observing far from equilibrium states).

4.2 Agent based simulation

4.2.1 Definition and components

An agent based simulator is a research tool that shows the emergent proprieties of a
system starting from the behavioral definitions of the system’s components. By us-
ing this tool, we describe the fundamental components of a system, as well as their
interactions, and can simulate the interactions between these components at any
level of aggregation. From a broader point of view, agent based simulators allows
us to create in-vitro experiments of large systems (like reproducing a city’s trans-
portation infrastructure). In this manner we observe the correlation and causality
between inputs, sets of behavioral rules and the aggregate proprieties of the system.

Because agent based simulation are a generic research tool we will look at its
applications related to problems faced by social science, and especially finance. In
academic finance, we can distinguish a particular branch of research, called agent
based computation finance, that try to explain emergent phenomena using multi-
agent tools. Good introductions about the concepts, approaches and methods of
agent based computational finance, are available from (Brandouy et al., 2006b),
(Epstein, 2006),(Veryzhenko, 2012), (Derveeuw et al., 2007a), and (Beaufils et al.,
2009).

4.2.2 Applications

Agent based simulation may be used in applications where emergent phenomena are
found. When choosing such a research tool, we have to search for the problematic
characteristics of the systems that need to be modeled:

1. Simple averaging statistical methods do not work. Systems exhibit the most
interesting particularities in extreme conditions and averaging may hide such
events.

2. Individual behaviors cannot be described by simple functions or differential
equations. Instead, these behaviors are best modeled using condition-action
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rules (ex: thresholds for changing the pattern of behavior, specific input -
specific action, rare behaviors or borrowing of strategies from other individu-
als). Moreover, individual behavior exhibit non-linear variations and can have
memory. (Huang et al., 2010) and (Brandouy, 2005b) make an attempt at
explaining financial dynamics using investor behavior and cognitive hetero-
geneity.

3. Components of the systems interact locally, based on non-homogenous topolo-
gies (like a scale-free topology - see Figure 4.2). Slight differences in the
system’s topology leads to very different aggregated behaviors even if the in-
dividuals are the same.

4. The emergent proprieties of the system are not evident if we look at its indi-
vidual components and interactions.

[0 ] (1:4] icy

Figure 4.2: (A) Centralized (B) Scale-free (C) Closely distributed - Graphs with
different topologies of connections between different entities of a system

In Figure 4.2 we observe three types of topologies that can be used to model
interaction patterns between the components of a system. The model of interaction
choosen is important when explaining aggregate behaviors. For example, we can
consider a national banking sector as being organized using a centralized model (see
Figure 4.2 A). In this case, the central node of the banking sector can represent
the central bank. With this representation it would be easy to consider that the
only source of financial contagion (or cascading bankruptcy) is through the central
bank. For mathematical simplicity, models like the Erdos Reyni' random graph-
model can be used. Even if these random models are more simple to handle they do

'see (Erdo’s and Renyi, 1960) for the original description of the Erdos-Reyni random graph
model
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not manage to capture the complexity of real interaction patterns between banks.
In real banking sectors, as reported by (Galbiati and Soramaki, 2008) and (Galbiati
and Stanciu-Viziteu, 2013), bank interactions are better described by, see Figure
4.2 B, scale-free networks (some banks tend to have much more connections than
other banks thus creating more points of contagion). Of course, scale-free networks
are very particular and assume that the components of a systems (here the banks)
have a behavioral trait of preferential attachment. Preferential attachment can also
be observed in social relationships, where people tend to cluster around a certain
individual (like the father of the family). Other examples about the importance
of topology and interaction models and methods are provided in (Smaldino et al.,
2012) and (Derveeuw et al., 2007b).

Agent based simulators have been in use since the development of modern com-
puters. Some of these simulators’ earliest uses have been in the field of automobile
traffic analysis. See (Shen et al., 2011) or (Meister et al., 2010) for examples of
real application of such simulators. Through simulations, city officials observe the
impact of changes in stop-light timing and positioning, roundabouts, priority or one-
way lanes. These simulations show traffic behavior in normal states (normal driving
hours) but also in unstable states (peak hours, when people go/return from work).
Such a simulation tool permits city planners to test and adapt street policies before
implementing them on the streets. In medicine, agent-based simulations are used to
model complex systems such as the human immune system, inflammation mecha-
nisms or the spread of bacteria and viruses (see (Paranjape and Sadanand, 2010) for
a good review). In commercial applications, agents are used to model logistic and
supply chains or consumer behavior. In civil constructions, agent simulations are
used to observe the movement of crowds inside buildings. These results will improve
evacuation safety, as explained by (Bo et al., 2009), for future buildings (see Figure
4.3).
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Figure 4.3: Simulation of the flow of people evacuating a building

One of the more recent applications of multi-agent simulation is in the field
of social sciences and especially in economics and finance. Oil and other natu-
ral resources production processes can be modeled in such simulators. In finance,
agent simulators are now one of the main tools supporting behavioral finance in
its path towards recreating the manner in which researchers think and view finan-
cial markets. Fconomists are already using agent-based simulators for different
purposes: observe the formation of certain equilibrium states, measure impact of
different macroeconomic policies and recently to measure systemic risks. This ap-
proach in economics, usually including game theory, is called artificial economics.
(Feichtinger, 1991),(Beaufils and Brandouy, 2005) and (Epstein and Axtell, 1996)
explain the complex system view of economy, the agent-based methods that should
be used and how these can explain puzzles that where not yet solve using traditional
research tools.

In academic financial research, agent-based simulators are used to observe the
conditions that can enable (or not) market efficiency, see (Brandouy et al., 2006a),
the polarization of investor wealth, see (Bottazzi and Anoufriev, 2004) or the aggre-
gation of information into prices. For an excellent review we recommend (Tesfatsion,
2006b),(Epstein, 2006) and (Veryzhenko, 2012). (B. et al., 2008) makes a more gen-

eral assessment of the complexity aspects of modern financial systems that can be
better understood with agent-based tools.

4.2.3 Advantages and disadvantages of research using agent-based
simulations in finance

Classical methods that test market efficiency have the methodological issue called
the joint hypothesis problem. The underlying idea of efficiency is that market prices
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reflect fundamental values and this assumption can be tested only if we actually
know the fundamental value model of assets. Therefore, researchers propose a model
for the fundamental value (which they assume is correct) and then resolve to see if the
market price converges to the theoretically correct values or not. The validity of the
efficiency test is linked with the validity of the joint fundamental value model. In an
agent based artificial market, the method used to generate the stock’s fundamental
value is axiomatically correct. Therefore the researcher has to observe the ways in
which individual investor characteristics can influence an aggregate output (like the
price) even when they know the fundamental value model.

We list and explain some of the most important advantages of agent-based sim-
ulator research:

o Attainabilily: As described in chapter 2.7, a theoretical efficiency state in a
market may be true but not necessarily attainable (at least not on time scales
of interest). Using an agent-based model we can show how, starting from a
plausible specification of a market state, a market can reach (step by step) an
efficient state (if possible).

e (Causality: Because an agent based simulation is deterministic and completely
observable, we can make accurate ’ceteris paribus’ assumptions and observe
the causal links between certain micro specifications and their desired aggre-
gate states.

o Flexibility: Because of the language used in describing a financial market
(computer programming language) the model descriptions (especially those
used for describing the behavior of investors) is easily modified and adapted to
different needs. This flexibility allows researchers to easily change descriptions
of investors (or of other market components) to better represent the realities
of specific financial markets and their context.

e Normative understanding: Because investors can be modeled to adapt and
react to the environment conditions (e.g. taxes, transaction costs) we can
observe the emergent behavior of markets under a diverse set of norms and
regulations. Therefore we can make 'simulated’ experiments with different
regulations and observe if the desired aggregate results can be achieved and
in what time frames.

e Transparency (Observability): Through-out a simulation all the components
and their states are perfectly observable. This provides the possibility of ob-
serving and controlling very specific parts of a financial market.

According to (Campbell, 2000), "Behavior models cannot be tested using ag-
gregate consumption or the market portfolio because rational utility-mazimizing in-
vestors neither consume aggregate consumption (some is accounted for by nonstan-
dard investors) nor hold the market portfolio (instead they shift in and out of the
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stock market)". So, in order to test such models we require detailed information
about the trading behavior of each market participant. Because such private in-
formation is confidential a good alternate is using agent based simulators. In a
laboratory setting, an agent-based model can provide qualitative knowledge about
financial markets dynamics. To obtain quantitative results we need to link such
a model with real data that will be used for the initial micro-specifications of the
model’s components.

Agent-based artificial markets also have certain limitations which we must take
into account. Because we describe an entire market, a good model will unavoidably
have a high number of parameters. Since some of these parameters are hard (even
impossible) to measure in reality, we are forced to make assumptions. Like the
assumptions that are the base of a theory, our initial parameters are the assumptions
we make within our agent based model. The validity of these assumptions is a crucial
condition for the validity of our results.

(Veryzhenko et al., 2011), (Veryzhenko et al., 2010) explain in detail and provide
examples of the main issues that must be considered when creating realistic agent
based models of financial markets.

Robustness checks and code validation are required to ensure that results of
simulations are not the product of chance or designer intervention. Moreover, when
describing micro-level specifications (invest behavior, price formation, information
generation and dissemination) it is important to rest objective and not use models
that directly incorporate the causes of the searched-for phenomena. There are differ-
ent approaches to testing the models used. (Brandouy and Mathieu, 2007) provide
a conceptual framework for the evaluation of technical analysis and agent-based
trading.

4.3 Topology of financial market simulators

To better understand and distinguish between agent-based financial market simula-
tors (ABFMS) we propose a taxonomy which describes the principal design elements
of an ABFMS. We started from the short classification proposed by LeBaron in (Tes-
fatsion, 2006a). We expand this typology with new classifiers that shed more light
onto the design of an ABFMS.

An agent-based financial market simulation represents an abstract computerized
version of a real financial market. Its objective is to model and provide access to
the causal links between elements of investor behavior (or market components be-
havior) and aggregate securities prices. Through the observation of this simulated
system we obtain new hypotheses for the dynamics of financial markets - especially
for the dynamics that are not explained by standard financial methods and mod-
els. We propose a new set of characteristics to describe and distinguish between
ABFMS. Each of these characteristics represents a basic design question that one
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must answer in order to build a simulator. Researchers try to build parsimonious
models of the reality and in the case of an ABFMS they struggle to find a small
number of parameters that controls the simulation of a big number of real features
of a certain financial market. (Mathieu and Brandouy, 2010),(Veryzhenko et al.,
2011),(Veryzhenko et al., 2010) provide hints for a generic model of financial mar-
kets that can generate realistic market simulations.

By decreasing the number of parameters, simulators tend to become more ab-
stract. In this way, the simulator design ignores certain important aspects which
may be crucial for creating the logical link between the simulation and the real
financial market.

4.3.1 Notable simulators

We present the main characteristics of six financial market agent-based simulators
that have been often quoted in the literature.

The 'Santa FE’ artificial stock market, (Lebaron, 2002) built by Blake LeBaron,
Arthur W.B and Palmer R, is one of the first multi-agent based simulators. As
initially called by the authors, ’an experimental computer simulated stock market’,
their model was created to understand the dynamics and time series proprieties of
market prices. The authors created a market where mini-computer programs, called
agents, could invest their wealth in a portfolio consisting of a risk-free bond (with a
constant return) and a risky stock that has a dividend which follows an autoregres-
sive process. Agents are assumed to be myopic with one period constant absolute
risk aversion (CARA) and sharing the same absolute risk aversion coefficient. The
actions of the investing agents have as objective the maximization of an expected
utility function of the form:

Ei(—e Witn) (4.1)

where 7 is the agents shared absolute risk aversion coefficient, and W/, ; is agent’s
i estimated wealth in the next period. Because an agent wealth at time t+1 includes
his demand of the risky asset at time t, the authors compute this demand function
for each agent. The differences in the agents’ demands are set by their forecast of the
future market price and the stock’s dividend. To make predictions of future prices,
agents maintain sets of information called ’condition-forecast’ which are rules that
map a market condition (based on fundamental or technical information) to a fore-
cast rule for the future market state. Using genetic algorithms agents combine and
create such forecasting rules in order to make accurate estimations of future prices.
The market price is set endogenously by a market clearing mechanism that resolves
agent demands in relation to a fixed supply of stocks. Observing the resulting time
series, the authors conclude that such a market model provides similar statistical
proprieties with those of real market price series (e.g. volatility, predictability).
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More interestingly, the authors point out that the horizon of agent forecasts (the
longer the better) is important in achieving or approaching a rationally expected
equilibrium. This market model is one of the first complicated artificial models of
a stock market. Even if thee model manages to qualitatively replicate some of the
financial puzzle we described in chapter , we have to be aware of the possibility
that these features are embedded in the initial specifications of the models: the
autoregressive dividend function and that the fact that agents’ demands (and con-
sequently future prices) are a function of the agents’ forecasts of future volatility
(which is simplified to equal past volatility). In the design of our market we have ac-
tively looked not to make any assumption that can directly generate the time series
proprieties we are looking for. The authors have written a sequel article, (Lebaron,
2002) in which they draw attention to some the issues that need to be improved in
their market design.

ATOM? is a complex software tool, that offers a general environment for agent-
based simulations of stock markets. ATOM is maintained by a joint research team at
the Lille University of France® and from the University Paris 1 Pantheon Sorbonne®.
Unlike other agent-based simulators we present, ATOM is more generic and can be
adapted to a different range of research applications. ATOM has the possibility to
simulate stock markets with market makers or with limit-order books. Moreover
ATOM was designed to accommodate order books for more than one asset, making
it one of the few current simulators with this capacity. From their collaboration
with the NYSE-Euronext, the ATOM creators have duplicated the Euronext pricing
methods and are able to create the same price series, as the real stock price series,
starting from the market orders of a real stock market. Such pricing possibilities
are enhanced by ATOM’s capacity of simulating extra-day and intra-day continuous
trading periods. A number of financial studies, like (Veryzhenko, 2012), (Derveeuw
et al., 2007b) or (Veryzhenko et al., 2010), have been conducted using ATOM. A
good review of ATOM’s capabilities can be found at (Mathieu and Brandouy, 2012).

In 2001, economist Marco Raberto and his colleagues published an article de-
scribing their GENOA artificial stock market, (Raberto et al., 2001). As the authors
mention, the aim of this model was to 'offer a simple understanding of the known
stylized facts of financial time series, i.e., volatilily clustering and fat tails in the
distribution of short term returns’. The model includes agents that don’t receive
any fundamental information and make offers to sell/buy, in every round, with a
probability of P/(1-P). Orders sent to the market are limit orders with prices based
on a formula like

P; = p(h) % Ni(p, 0;) o; = kxo(T;) (4.2)

where p(h) is the stock’s price at time t and o(T;) is the stock’s historical volatil-

? Available for limited testing at http://atom.univ-lillel.fr
3Team SMAC Multi-agent Systems and Behaviors
“http://www.univ-paris1.fr/
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ity. At each price level, agents have different demands to buy or sell stocks. The
resulting price is discovered at the intersection of the demand and the supply curves.
The model exhibits, under certain conditions, the stylized facts found in real mar-
ket prices. The results are not robust to the model size: a great number of agents
eliminate the volatility clustering feature. As it was the case with the previously
presented Santa Fe simulator, the GENOA market makes assumptions (limit order
prices computed using the market historical volatility) that include the expected
results.

The builders of the GENOA market have made improvements to their simulator,
in two new versions GASM-2 and GASM-3. In the last version, authors investigate
the relative strength of different agent strategies (based or not on fundamental eco-
nomic information). They draw an interesting conclusion, that a strategy’s success
depends, on reasonable time scales, on market conditions.

In (Brock and Hommes, 1998) the authors represented a model of an Adaptive
Belief System. The model uses a risk free asset with a constant return and a risky
asset that pays a dividend with IID values. Similar to the Santa Fe example, agents
in this model are homogenous in their conditional variance and they all try to max-
imize a myopic mean-variance function. Different from other models, these agents
have different conditional expectations of fundamental economic information that
depend not only on the economic information they perceive but also on their own
past market errors (differences between the perceived correct value and the market
realization). In this framework of beliefs, agents can be viewed as belonging to dif-
ferent types of common strategies (e.g. fundamentalists, which believe that prices
return to fundamentals, or trend-chasers that believe prices than to trend). The
adaptive component resides in the possibility of an agent to choose to switch be-
tween strategies of trading (fundamental to non-fundamental) in order to maximize
his wealth. The results provide some clues to how market efficiency can be attained.
In a simple case of homogenous beliefs the simulated market is perfectly efficient.
When beliefs are heterogeneous departures from correct pricing can be persistent
and it is not obvious that such departures can disappear in a relevant period, or as
the authors explain it: textit"the answer to this question seems to be not as obvious
as one might have guessed"”. It can be argued that since the market is not complete
(fundamental agents cannot borrow money and sell stocks short) that arbitrage are
limited. This argument can be made in the favor of any trading strategy. If a group
that holds a certain belief about future prices can borrow and trade to move prices
towards their belief than their strategy will be powerful (at least while their supply
of capital endures). Such a strategy will survive in the market and not necessarily
the strategy that is "correct".

Another interesting market simulation model has been proposed by in (Matassini
and Franci, 2001). The authors model a market with a single risky asset that has no
fundamental value model. Trading is done continuously through a limit order book
where the best bid is executed against the best ask (if possible). Agents each have
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few randomly drawn behavioral parameters: expected gain and maximum accepted
loss before selling their positions and a time threshold that prompts an agent to
change his idea of the investment (wait to long for an expected gain to realize
and it is not profitable). When sending an order, traders compute a price based
on the average of three sources of information: peer price expectations, internal
information (which assures that a balance is maintained between bids and asks)
and historical trends extrapolation. This model is able to reproduce fat tails and
volatility clustering. Whilst the model seems realistic, especially with the usage
of stop and gain limits, the results are not robust and the variation of certain
parameters can completely change the behavior of the simulations.

In (Levy et al., 2000) the authors propose an agent-based model which they
call 'microscopic simulation’ of a stock market. The authors model the behavior
of two types of investors: 'rational investors’ (RI) which believe price converges to
the fundamental values and ’efficient market investors’ (EMR) which believe price
already reflects all the fundamental information. All investors are risk averse and
want to maximize the expected utility of their wealth. To simplify things, the
authors assume that all investors follow a power utility function of the form:

Wl*OL
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where « is the risk aversion parameter, the same for all agents. All agents maxi-
mize the expected value of this utility by finding the proportion of wealth to keep in
risk-free constant return asset and in the risky asset (which pays a random dividend
with a known probability density function). All investors know this probability dis-
tribution function but they form different expectations about the future price. Since
RI investors believe prices can diverge from fundamentals (but also that these prices
will quickly converge back to fundamentals) they compute the future price using the
Gordon growth model:
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(4.4)

From equation 4.4 and the known dividend distribution, RI investors compute
their expected wealth in the next period. By deriving this equation, investors provide
demand levels for each price level. In contrast, EMR investors think assets are
correctly priced and there are no possibilities to find ’bargain assets’. Thus these
investors will look only to maintain the optimal portfolio balance between the risky
and the non-risky asset. To do this, they need to know the ex-ante distribution of
returns. Since this distribution is unknown they construct it using the observations
of past returns (ex-post distribution), thus supposing the process that created the
returns is stable. These EMR investors can differ in the number of past returns they
use to estimate the distribution of future returns and compute the future expected
return (but this return memory’ parameter doesn’t influence (qualitatively) the



66 Chapter 4. Agent based artificial stock markets

results). EMR investors can, as RI investors do, also specify demand levels for each
price level.

Z Demandagent(Pi+1) = N (4.5)

agent

The market price is found such that the sum of all the agents’ demands equals
a constant supply of stocks (N), by solving the equation above. With this, rather
simple, 'microscopic’ specification of a stock market the authors manage to create
price series that replicate all of the ’stylized facts’ presented in chapter . In a
market with only rational investors prices are stable around fundamental values and
no statistical anomalies are present. In a more complete market, that includes only
5% EMR investors with a memory of m=10 past returns, the resulting price series
shows a cyclic price behavior that is similar a price with booms and crashes.
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Figure 4.4: Figure from (Levy et al., 2000), chapter 7 page 162, showing the market
generated price with 95% rational investors and 5% "efficient market believers".

These price boom-crash cycles appear in a predictable manner:

1. First a series of high positive dividends occurs

2. EMR investors update their estimations of the ex-ante distribution of returns
using this new high returns

3. EMR investors increase their portfolio size of the risky asset because of the new
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high expected returns, which drives the prices high (like a positive feedback
loop).

4. Rational investors observe this non-fundamental increase in price and reduce
their share of the risky asset

5. After a few rounds of price increases, EMR investors usually hold all the risky
assets. Yet the high returns realized at the starting points a) and b) are not
being realized anymore and the EMR investors start to revise their ex-ante
distribution expectation using the new observed returns.

6. EMR investors start reducing their portfolio shares in the risky asset because
its returns are not high enough anymore. These rebalancing actions generate
the important fall in prices.

7. As prices descend to the fundamental value, RI investors start reallocating the
risky asset to their portfolio (since it is not overpriced anymore). Afterwards,
the price settles and the cycle can repeat itself from point a). During the crash
and a few periods afterwards, EMR investors don’t touch the risky asset since
their ex-ante estimation of the return distribution is highly pessimistic due to
the recent price crash.

The same boom-crash cycles can occur in the opposite direction. When very low
dividends are realized the EMR investors will expect lower returns and reduce their
share of the risky asset thus driving prices down. The rise in prices will follow when
new higher returns follow.

This model can be criticized for showing a predictable price series that can,
in reality, be arbitraged away. The authors make tests with a population of EMR
investors (5% of the total) with heterogeneous memory spans (with a mean of 40 past
returns and a standard deviation of 20). The resulting investor mix creates series of
prices with bubbles and crashes but with a frequency, intensity and duration that
are not (easily) predictable. In this case it is difficult to conceive a strategy that
could detect and arbitrage this behavior. The authors also investigate the ratio of
wealth between rational investors and efficient market believers and they shows that
EMR investors survive (and sometimes prosper) in the markets.

In (Farmer and Joshi, 2000) the authors propose a model of a financial market
where investors are considered units that process information shocks and diffuse
these inputs into prices. Investors can distort information and move prices away
from their fundamental levels. The model proposed by Farmer and Joshi uses a
market maker that computes the market prices by trying to lower the excess of
orders (too many buy/sell orders and the price goes up/down). The investing agents,
which populate this artificial market, are divided into two types:

1. Trend followers (or chartists): they base their demand on the idea that the
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market price moves in trends. The orders of these agents increase the volatility
and autocorrelation of returns.

2. Value investors: They believe prices can stray away from fundamental values
and they try to profit off these mispricing. They aim to buy undervalued
and sell overvalued assets. Value investors use state-dependent triggers (max-
imum /minimum price deviation from their perceived fundamental values) for
entering and exiting positions.

This model generates volatility clustering because of the trend followers’ reaction
towards perceived price or return trends. The authors point out that heterogeneous
populations of trend followers, which differ in the length of trends they can perceive,
are able to generate interesting dynamics that lead to the stylized facts. The authors
focus on the mathematical resolution of the price dynamics and often try to provide
analytical models that reduce investor behavior to a representative individual. They
conclude saying that when non-linearity appears in the investors’ behavior than a
"representative individual" doesn’t exist or can produce a distorted time series. Be-
cause market returns have autocorrelations such phenomena cannot be generated by
fundamental value drive investors alone, hence markets are populated by other types
of investors (which survive). One of the drawbacks of this model is, as indicated by
the authors, the fact that the market maker has infinite inventory and is not risk
averse.

After reviewing a few notable multi-agent simulators we go through the main
methodological and design issues a researcher is faced with when working with sim-
ulators. We describe the details and importance of each necessary parts of a simula-
tor. Each designed component is important because it imposes explicit and implicit
simplifications and assumptions about the studied financial reality.

4.3.2 Simulated market

One of the first choices to be made in the design of a simulator is in the type of
simulated financial market: a stock market, bonds market, stock or bond derivatives
market or another type of market. In real life, these markets are not independent
and they influence each other. If we simulate only one market we are, in a way,
eliminating the influences of other markets. Most researchers defend themselves
with the argument that the joint analysis of a bond and stock market calls for a
too complicated and extremely difficult to understand model. Consequently, most
studies focus on only one type of market (usually stocks) and assume that other
markets have no noticeable effects.

We account for the lack of a bond market through the information process.
Implicitly, we suppose that the information concerning the underlying asset’s eco-
nomic value and risk is perfect and complete - meaning the company’s asset value
is correctly reflected in this information. Since most listed companies own financial
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instruments (among which we often find bonds and their derivatives) we are actu-
ally assuming that bond markets are efficient and that they correctly price these
financial instruments. Similarly, we choose to ignore the influences of stock deriva-
tives on our simulated stocks. One should make the choice of the simulated market
with awareness of the simplification of the real world and should provide a clear
statement of the limitations that his choice implies.

4.3.3 Simulated time

The perceived order of a system depends on how abstract its model is. Looking
at financial markets on a yearly basis we generally observe price growth and small
volatility. Looking at markets on a monthly basis we see a very different dynamic
- at least higher volatility levels. Going further and looking at a market on a daily
basis we will observe very volatile returns and fast changing trends.

The choice of simulated time is crucial for a simulator’s design simply because
financial markets have different dynamics and participants on different time scales.
We rarely see technical traders on a time scale larger than that of a week. Likewise we
don’t often encounter "buy and hold traders" on an intra-day time scale. The choice
of a simulated time will often impose constraints on the choice of simulated markets
(some intra-day bond markets don’t even exist), agent strategies (enter/exit timing),
exogenous information (daily information has different characteristics than weekly
or monthly information), price formation mechanisms and the types of dynamics we
can reproduce. This choice of time is important and has to be well defended.

4.3.4 Information

Prices (should idealistically) reflect underlying fundamental values through the pro-
cess of information integration into price. Therefore the information flow is a crucial
component for financial markets. There are two types of information that are avail-
able to market participants: exogenous and endogenous information. Endogenous
information involves data about the structure of the market itself (participants, se-
curities structure, price formation methods, etc.) and it is usually well known by the
majority of investors. Exogenous information represents the data concerning the se-
curities’ underlying value. Such fundamental information has different formats and
usually reflects a distilled value showing the economic and financial positions of a
company (translated in an expectation of future cash flows and return rates).

Most financial market simulators replicate stock markets. The exogenous in-
formation for these markets usually consists in proxies for the underlying value
(dividends, price/dividends, etc). We believe that a second source of information
as a proxy for the underlying risk is essential for a parsimonious representation of a
real financial market. Assessing the underlying risk of a stock (the economic risks
of a company) is at least as important as assessing its underlying value. Future
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cash flows are predicted based on economic data of the company and its business
environment. This means that a risk factor is always computed and necessary for
a good valuation of the company’s stock. The exogenous risk information can be
a proxy for different risk factors like liquidity risk, market risk (related to financial
assets the company holds) and other business risk. Using two flows of exogenous in-
formation (value and risk related) an agent can better assess the confidence interval
for the price of a security and correctly discount it. Differences in agent capacities
(knowledge and lack of bias) produces more accurate pricing and risk evaluations.

A debate can be made about whether a ‘fundamental’ value exists or not. In
this study we view the *fundamental value’ of a stock as a theoretic construct that
has the goal of providing a source of information for the investors.

4.3.5 Bias in information processing

Investors receive information in two forms: quantitative information (financial state-
ments) and qualitative information (letters to shareholders, analyst reports, eco-
nomic news). Quantitative information can be interpreted fairly objectively by the
investor. We have to address the issue of qualitative information that can, and often
will, be processed in a biased way.

Each investing agent has his own manner and capacity to interpret information.
Some agents use information in its original form while others bias the information
in all different manners. For example, agents that are optimists have a tendency to
increase the magnitude good information (like fundamental value increase or risk
decrease) and decrease bad information. Inversely, pessimist agents decrease good
information and increase bad information. A more comprehensive review of investor
biases was made in chapter .

When we talk about investor biases we refer to intrinsic characteristics of in-
vestors (meaning humans) and not to voluntary actions. The biases, described
succinctly above, refer to ways through which investors alter, involuntarily, the in-
formation they perceive. These biases can be changed by the investors’ learning
process. One can argue that an agent cannot change its emotional biases yet an
agent can rationally alter the information he uses as the input for his investment
strategy. Therefore, we say that the investor’s biases can be rationally "unbiased"
by making corrections to the exogenous received information. If an investor observes
that his eyes have some form of refraction dysfunction (e.g. myopia) he can use ex-
ternal means of corrections (like glasses or contact lenses). Similarly, an investor
knows that the information he receives is biased (by him or others) and he can apply
a rational process for correcting these biases before using the data for this portfolio
decisions. An optimistic investor that expects the growth of a company for next
year to be 20% can correct his expectations (provided he knows he is an optimist)
to a more 'unbiased’ 17%, 16% (or lower).
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4.3.6 Risk and time preferences

When modeling an investor with a simulated agent we make assumptions about
how investors create their portfolios: how much cash do they hold and how much do
they invest in the risky asset. An agent can be modeled as an optimizer of mean-
variance, of expected utility maximizing or none of the two. The risk attitude of
investors is not simple to model and one should describe more than one characteristic
risk attitudes to support the heterogeneity assumption of our methodology. Risk
aversion is shown, in (Brandouy et al., 2012b), to be an important factor in the
performance of investor’s strategy.

In regards to portfolio horizons, investors can be heterogenous from myopic
(looking to quickly exit positions) or are ready to hold positions for a longer-term.
Modeling investor time preferences is important, as explained in (LeBaron, 2001),
and all choices should be clearly justified. A good choice is to permit a mix of
preferences, short and long horizon for investment, and observe their co-evolution.

Referring to risk measures most agent-based simulators don’t focus on risk and
use a classic form of volatility measure. A newly published model, in (Thurner
et al., 2012) focuses on another aspect of risk: systemic risk. The authors model
an entire 'stylized’ economy consisting of informed investors (e.g. hedge funds),
uninformed investors and banks that provide credits. The simulated agents send
demand orders that are functions of the future price (the higher the price the lower
the demand). While the model is interesting, in reference to its purpose, there are
some features that make it unrealistic (e.g. the demand of the uninformed investors
is a weak-mean reverting function of the fundamental value). As we discussed in
chapter , a model should not have as input the proprieties that we desire in the
output. In this case, the price is forced by design to revert to fundamental values.
The authors draw interesting conclusions about how the relations between leverage,
bank precaution regulations and systemic risk. What we should retain is the idea
that "systemic risk" may be relevant in pricing and can be taken into account by
individual investors. Thus, a more comprehensive market model should take the
systemic risk factor into consideration.

4.3.7 Agent learning

The agent learning reflects the learning behavior of real investors. Several methods
for learning have been researched and acknowledged as correct. Before explaining
some of these methods we want to point out that all markets possess a latent form
of learning: evolutionary learning (also called passive learning). By evolutionary
learning we express the fact that a system becomes better adapted to its environ-
ment, provided that less performing actions eventually disappear from the system.
On a micro level, an agent is influenced by the system’s evolutionary learning if he
will be excluded from the system because of other superior competing agents. In
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the case of financial markets, the performance measure is the return rate. Thus,
agents that have inferior strategies will, in the long run, lose all their wealth (pro-
vided the games in zero-sum or there are periods with economic downturns) and
will eventually be eliminated from the market. We say that a financial market has a
form of evolutionary learning because it eliminates underperforming investors. The
necessary conditions for this evolutionary learning are:

e The system is relatively closed: not many new, and less 'adapted’ investors,
enter regularly the market. These new-comers become a pray for the more
adapted’ investors.

e Trading is frequent. Low volumes don’t permit exchanges of wealth from less
to better performing strategies, at least not on decent time scales.

In the long term, if evolution works as expected, a market will reach a point
where all the agents will have the same well performing strategies and all trades
will cease (since no agent will be willing to buy high / sell low). This consequence
is actually implied by the efficient market theory. This passive method of learning
doesn’t require investors to actively adapt to the market because only the prevailing
strategies will persist in time.

The other type of learning requires voluntary action from agents. This type
of learning is called active learning because it requires agents to actively improve
their strategies for investing. In the case of a simulated financial market there are
several questions a researcher should answer in order to equip his agents with the
capacity for active learning. The first question should be about the nature of the
objective function for the agents. Should they measure utility of wealth, value of
wealth according to prospect theory or their wealth relative to mean wealth of the
population? Should investors measure period returns relative to market returns (or
non-risky returns) or should they just consider their absolute returns? Each of these
objective functions implies and produces different dynamics in the markets. This
choice is therefore highly relevant and important for the construction of a market
model.

Once the investor objective function is set we look at how agents actually learn.
There are basically two forms of active learning: innovation and imitation. Firstly,
imitation implies that an agent will observe and imitate the strategies of better per-
forming agents. Underperforming strategies will be discarded much faster and evo-
lution will take its course. Secondly, innovation implies that agents will change the
parameters of their strategies (information bias parameter, risk bias, risk aversion,
trigger level for selling/buying, frequency of trading, etc.). This process involves
even faster learning and adaptation of competing strategies. When all (or most)
agents have this learning ability the simulated financial market becomes an ecosys-
tem of fast evolving and competing strategies. Real investors exhibit both forms of
active learning. The combination of these two types produces interesting dynamics
in a simulated financial market.
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4.3.8 Agent strategy bias

Markets are driven by information and extreme information can produce extreme
effects in financial markets. The human brain has a part, called brain stem, which
is considered a primitive brain. The brain stem can inhibit the cortex (the big ratio-
nal brain) and take lightning fast decisions and send commands to the locomotory
system (like jumping out of the way of a car or avoiding a flying object). These re-
actions are triggered by extreme emotions which are in turn caused by the detection
of an impending grave danger.

Extreme information that arrives in financial markets can, and often does, cause
erratic behavior in the market. Extreme market movements, in the form of more
than 3 x o deviation from historic returns are seen more often than we expect from
the predictions of classical financial theory (see leptokurtic returns, chapter 3.6).
The reason for these market outcomes is rooted in the "not completely" rational
and repeatable behavior of investors.

Therefore we propose that agents, in simulated financial markets, should possess
some form of trigger for rash and fast reactions. These reactions are caused by ex-
ogenous factors: lack of information, extreme information, rumors or by endogenous
factors: loss aversion level, high compulsory consumption, end of investment period.
Most models assume that if investors are biased or not completely rational they will
behave like this in a consistent and predictable manner. Such extreme behavior
can better capture the unpredictable and indeterminist behavior of investors. Of
course, if this behavior is underperforming it will be eliminated through evolution.
Therefore it is difficult to argue that introducing such an extreme hehavior feature
can disturb market efficiency for a sufficiently long period of time.

4.3.9 Price formation

The price formation mechanism is one of the principal components of a simulated
financial market. Real markets use order books that match corresponding transac-
tions and offer information about price distribution during a time period. Simulated
markets use a variety of mechanisms that can simplify the usage and tractability
of their models. (Bottazzi et al., 2005) make a good comparison about market or-
ganization and how this can affect price formation. We adhere to the opinion that
simulators should use true order books for price formation (as described in the (Ep-
stein, 2006), page 1194). We make a brief introduction into the main models used
in price formation.

One price formation mechanism consists in a market maker that announces prices
at which agents send buy/sell orders. Consequently, the price is adjusted progres-
sively to balance the excess demand or supply, as observed in (Farmer and Joshi,
2000). Another mechanism consists of agents meeting randomly and trading assets
for an ad-hoc agreed price (see (Beltratti and Margarita, 1992) for an example).
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Although these two mechanisms simplify the agent models they also eliminate some
microstructure features that are presently studied in real financial markets. The
most realistic method is the one described in (Chiarella and Tori, 2002) or (Raberto
et al., 2001). The model uses a limit-order book to resolve transactions and find
market prices (see chapter 3.2 for details about price formation in real financial
markets).

The dynamics of different types of price formation mechanisms have been studied
by many researchers such as (Raberto et al., 2005). In the three versions (GASM
1, 2 and 3) of their GENOA simulator, Raberto and Cincotti show how different
types of price formation mechanisms can impact the efficiency of markets. Even if
this GENOA simulator is often quoted when providing evidence of ’stylized facts’
and other findings, some of these versions (notably GASM 1) make assumptions on
the behavior of investors that implicitly generate some empirical proprieties (e.g.
all investors generate orders stochastically as a function of historical volatility).

4.4 Critics of agent-based artificial stock markets as a
methodology for research

Agent based simulators were first introduced in the 1980’s and they provided the
means to model systems using a "bottom-up" approach: model the building blocks of
a systems and observe its emergent aggregated level proprieties. Like with any new
approach, this method was meet with a lot of critic and disapproval, especially from
the defenders of classical research methods (either experimental or pure theoretical).
In this chapter we review and address the main critics for our methodology.

1. "Simulations are very abstract models of a reality and they cannot
capture the reality and complexity of financial markets".

By definition, a model is a simplification of a phenomenon. A multi-agent simu-
lator doesn’t try to capture the entire complexity of a market. Contrary, an agent-
based model aims to create an abstract representation of a market that behaves,
in aggregate, in a similar manner as real markets. Moreover, the language used in
describing financial markets (computer language) permits the modeling of complex
rules and behaviors (which is extremely difficult to do using mathematical equa-
tions). Different from other approaches, agent-based modeling makes assumptions
on a micro-level basis (e.g. investor behavior) and permits the evolution of such
an environment in order to observe the emergent macro-level patterns. Therefore,
complex and unexpected behavior can emerge from a simple-defined simulator.

2. "Agent-based sitmulations are computational black-boxes and their
designers can tweak the model in order to obtain the results they
need. Therefore, the results discovered are not more than what was
already built inside the model".
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This critic is perfectly true for all types of models. The important difference is
that researcher "tweaking" can be better hidden in a computer program (at least
when it has an important volume of computer code) than inside a mathematical
function. To counteract such ’visibility’ problems, agent-based simulators have a
simple and powerful propriety: repeatability. A computer simulation program can
be made public and tested easily by researchers from the entire world. By making
the source code public, the specification of the model can be reviewed. Anybody can
judge if the results are somehow embedded inside different parts of the model design.
In opposition, classic models cannot always be tested (by other researchers) because
the analyzed data is confidential or the methodology used is highly complicated.

3. "Because simulations are numerical we cannot use them to exitract
general theories."

The purpose of agent simulator is closer to testing theories rather than con-
structing new ones. In finance, an agent based simulator can be used to see if, in
the long term, the survivors from a mix of investors are only the ones that respect
the assumptions implied by a certain theory (e.g. CAPM theory). As argued in
chapter , our methodology offers the means to test the attainability of the theoret-
ical valid 'market efficiency’ state. Therefore, rather than extracting new theories
we provide better way to test existing theories.

4. ’The results are merely chance and represent ad-hoc effects".

It is possible that a certain result can be generated from a very specific (and
maybe unrealistic) initial world setting. To counter this problem robustness tests
are employed. By varying input parameters (e.g. agent behavior mix, number of
investors, time frame) we can see if the observed result persists or not. Moreover,
tests can be repeated and confidence intervals can be measured for every output
variable.

5. "Agent based models are not mathematical equations for which there
are numerous rigorous methods for testing"

A computer program is perfectly equivalent with a mathematical function.
Therefore a computer program has the same proprieties, and advantages, as a math-
ematical function. More than a classical mathematical function, an agent based
model can represent sets of behaviors that are not always tractable. Furthermore,
complex models (like investor behavior) are easier to express using an agent-based
model than with a set of mathematical functions.

6. "Agents are not deductive."
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Acknowledging point 5, we say that an agent’s action is similar to the application
of a mathematical function on a set of states (the agent and the environment states).
Thus an agent’s actions and all the simulator’s results are deductions. Moreover,
the transformation of input data (economic information) into output (market prices)
date is strictly deductible and reproducible. We can rerun the same simulation with
the same input parameters and obtain the same results each time.

4.4.1 Equivalence between an agent-based artificial market and a
mathematical analytical model.

Inside a computer market simulation, agent behaviors follow simple rules that deduce
an action (order) from a set of environment states (information, states of other
agents, market prices). Such behavior is encoded inside a computer program using
computer language. As proved by Alan Turing (see (R.E, 1995)) for every computer
program it exist an isomorphism with a mathematical analytical function. Building
on this fact we show how, at an abstract level, an entire agent based simulator is
equivalent to a mathematical model. Like many others systems, e.g. weather system,
such a mathematical model cannot be always tractable and it is often estimated with
computer approximations.

Let f be the function that defines the behaviors of an individual agent ¢ as ;:

fi : Ax M — Order (4.6)

A represents the set of all the possible states of agents (portfolios, objectives,
risk view and other behavioral considerations). M represents the states of the
observed market as well as information about next states (historic prices, volumes,
information, analysis, etc).

The market evolves from one state to another and this evolution is modeled by
a function m defined as:

m : M x Order™ — M (4.7)

where Order represents the complete set of possible orders that are sent to
a market and n represents the maximum number of orders a market can process
between two states. Such a function exists since the process of price discovery is
deterministic and it depends only on the received orders and the last market state.
After a change in the market states the agents’ states change (their wealth evolves).
This change is modeled using a function g with parameters that depend on each
individual agent i:

gi : Ax Order x M — A (4.8)
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Therefore, an agent-based simulation is equivalent to the calculation of a set of
equations like
AY  — agent initial states
MY — market initial state
_ -1 _
MP=m(M"™, f;(A7Y M)
Ag = gi(A§_17 Mt)

(4.9)

The first two equations are the specifications of the market (which includes
economic information) and the agent’s endowments (wealth and behavior). This
part equates to the specifications of the modeled market and the assumptions we
make about agent’s behaviors. The last two equations represent the co-evolution
of the market and agent states. These equations are developed using mathematical
language only if the behaviors of agents (and of the price formation) are easily
translatable into equations (which is often not the case). Therefore, a computer
simulation allows us to compute the series M! (market proprieties: autocorrelation,
volumes, prices) and A! (investor proprieties: cash, stocks, risk aversion, investment
horizon, etc) and observe their statistical proprieties and financial meaning.
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*LUMA is available online (along with detailed instructions) at
http://cerag.org/lucianstanciu/LUMA /index.html

5.1 Simulator, environment and assumptions

The computer-based financial market simulator we have created is called LUMA.
Our simulator’s objective is to simulate a series of realistic daily stock market
opening prices. In other words, we simulate the extra-day price series in a
stock market. This choice of trading time is justified by two reasons: 1) price series
of intra-day continuous trading incorporate much more noise and less information
about fundamental values than during extra-day trading (statistical proprieties of
these intraday price series are not especially relevant for our research questions) and
2) most financial research studies, especially regarding price anomalies and behavior
biases, have daily price series as reference.

LUMA replicates a financial market formed by two assets, which are accessible
to all investors: a risk-free financial asset with a 0% return and a risky financial
asset that, for the duration of a simulation, pays no dividends. The choice of a
0% bond is made in order to simplify the model and it has no impact on the price
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dynamics. One can consider that an investor’s cash does not accumulate interest
and the only possible gains are capital gains from investing in the risky asset. This
choice of assets does not limit our results and it has been used in other published
studies like (Farmer and Joshi, 2000).

Agents S
Price formation Market prices

Bias % %

N mechanism

| +
Order
Bias / Fundamental
evolution

ny

New information

Figure 5.1: Flow of information inside the LUMA simulator

The investors (called agents) that are modelled in LUMA receive a flow of bi-
ased information. The information is biased in a way specific to every agent. The
information received by agents is used to make investment decisions (according to
each agent’s subjective considerations). Following the investment decision, agents
send orders to the market to buy or sell the risky assets (see Figure 5.1). After a
short period of time, during which all agents have the chance to send their orders to
the market, the trading period ends and the new market price is discovered. This
process lasts for a predetermined number of rounds (unknown to agents) and the
resulting series (price, returns, volatility) are analysed.

Agents start a trading simulation with a customizable amount of cash, number
of risky assets, information biasing properties and investment decision methods.
All agents in LUMA have proprieties that do not change in the course of a single
simulation (expect for their level of cash and risky assets). This choice implies that
investors do not actively adapt (learn) to the market. Although it is true that
no particular investor changes strategy (or other parameters) during a simulation,
we observe that a form of "Darwinian evolution" takes place. Underperforming
investors lose their cash to better performing investors (see chapter ). In the next
chapters we explain in detail every component of the LUMA simulator and we
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conclude by showing the results of a few basics test of the concept.

5.2 Information and fundamental value

According to the standard modern finance definition, the price of an asset is defined
as the discounted sum of all future payments that are received from the asset. To
compute this price an investor holding the asset must have information about these
future payments, their amounts and dates of arrivals. Moreover, the investor must
also know the correct discount rates for each of the future cash flows. To simplify
this informational problem, without eliminating important features or reducing the
model’s applicability, we have simulated an asset, a company’s stock, which pays
no dividends. Thus, investors can only make capital gains and have a single piece
of information to discover and/or predict - the fundamental value. Since the cash
owned by investors doesn’t offer any return, it is 'rational’ for them to invest all of
their cash in the risky asset (of course, when they consider it is profitable). And in
order to invest, agents have to discover how the fundamental value of the asset has
evolved. They do this by interpreting, via their own personal biases, an economic
information stream. We call this stream of economic information the fundamental
value of the asset.

The fundamental value has a normal distribution of returns and it is generated,
for each particular simulation, using the formula below and the two parameters that
describe the fundamental’s return and standard deviation:

W = ‘/i—l * eN(MV’UV),vt > 0 and % =M = PO (51)

where M is the starting IPO price of the stock, uy is the average return and oy
the standard deviation of the fundamental’s return values and P, is the first market
price (fixed exogenously similarly to an TPO pricing).

This fundamental value is, like in real markets, not visible to investors. We
say that this value is not observable at least because of the sheer complexity of
a listed company as well as the great number of remote entities/events that can
affect, in every moment, the value of a company. Therefore, in computing this
economic value a number of assumptions and simplifications are made which render
this informational stream not directly visible to investors. There are agents that
prefer not even to seek this fundamental value and choose only to play 'the market’.
Yet for other agents, that believe prices should reflect the asset’s fundamental value,
a stream of information is needed.

We have chosen an information stream, [;, that offers a signal about the ’dis-
tance’ (in price terms) between the fundamental value of the asset at the end of a
trading period and the market price at the beginning of the period:

I, =V — P, (5.2)
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Since investors try, at least in theory, to estimate the 'real’ value of a stock we can
say that P, represents the market’s estimate of the asset’s fundamental value at time
t. We can rewrite formula 5.2 as:

I, = Vi1 — Eny(Vi) (5.3)

where E,,; stands for the market’s (m) expected value, at time t, of the fun-
damental value of the asset at time t. Looking at 5.2 we say that the information
available refers to the amount of change of the fundamental value from time t to
t+1. In other words, this information refers to how much the real fundamental value
has evolved in relation to the market’s latest estimation of the fundamental value.
In real markets, 5.4 looks more like

I, = Bay(Vig1) — Bt (Vi) (5.4)

where E, ; represents the best combined estimates of analysts, economists, etc. of
the company’s value. In real financial markets we have only estimates of fundamental
values that are either market-based (through price) or non-market-based (analyst,
research and individual opinions). Because such fundamental information is not
very useful in itself we have chosen to model the information stream received by
investors as a series of negative and positives signals related to the market price.

Vi

R

Period 0 Period t

Figure 5.2: Trading periods and information flows

At the beginning of a trading period t the fundamental value of the asset moves
instantly from the value of V; to Vi41. Agents can observe the latest market price P,
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and also the new information I; that tells them how close/far is this latest market
estimation (P;) from the new fundamental value of the asset V;ij. During this
trading period t, an agent x will interpret (through their own personal beliefs) the
economic information (I;,) and use his individual investment strategies to send
orders to the market. At the end of the period, the new market price, P;y1, should
in theory be equal (or very close) to the new asset’s fundamental value Viiq. It
is important to underline that at the beginning of period t, the fundamental value
of the asset instantly changes from V; to V;11. Only after this change occurs the
investors receive the new information stream [I;. Therefore, during trading period ¢
the market will try to estimate the new asset’s value, V1.

Looking at the structure of the information signal, it is easy to see that an
investor can simply add the signal I; to the last known market price P; and obtain the
new fundamental value Viy1. While this is true, research in psychology has showed
that humans can have very different perceptions of the same objects. Therefore, the
same information stream I; can be perceived (or interpreted) differently by different
agents. We refer to an information I; < 0, representing a decrease in fundamental
value, as 'bad news’ and similarly an information I; > 0, showing an increase in
fundamental value relative to the last market price, will be referred as 'good news’.

To understand better the information stream that agents receive we show in
Figure 5.3 the co-evolution of a fundamental value and the market price in a market
simulation. We see that the market starts at the same level with the fundamental
value and afterwards follows the economic value more or less closely.
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Figure 5.3: Fundamental value and market price for an asset and the perfect infor-
mation stream

Our choice of asset information enables investors to focus only on the fundamen-
tal value of the asset. Of course, like in any model, this is a simplification which
is rarely found in real markets where assets and asset classes are interlinked and
their pricing depends on much more than their fundamental value. Therefore we
suppose that the main information stream available, the traded asset’s fundamental
value, encapsulates note only asset-specific information but also macro-environment
information.

The underlying objective of our study is focused on the ways in which informa-
tion, which describes the value of an asset, is converted and lransformed, through
the investment decisions of biased agents, into a market price.

5.3 Orders and the price formation mechanism

5.3.1 Orders

During a trading period, agents use economic information and send limit or market
orders to the stock market. These orders are stored in a limit-order book until the
end of the period. At the end of a trading period, the limit-order book is closed and
the price discovery process begins. As pointed out by Blake LeBaron in (Tesfatsion,
2006a)the limit-order book provides the most realistic method for price formation.
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We first present the structure of an order and then show how the new price is
discovered from a limit-order book.

After receiving and analysing new information, agents send orders to the financial
market. An investment order has four parameters like in the table below:

The first parameter, Agent ID, represents an identifier that uniquely describes
each agent. Using this information, the market can resolve matching orders and
makes the correct transfers of cash and assets between the counterparts of a trans-
action. The second parameter, Direction, signals whether agent wants to buy or
sell assets. This parameter is also relevant for the interpretation of the third (and
fourth parameter) that has different meanings depending on the direction of the
order. The third parameter, Number of assets, indicates the maximum desired
number of assets the agent (identified by Agent ID) is willing to buy or sell. This
implies that the agent involved in the transaction can have his order executed with
the exchange of at most this number of assets or of a smaller number of assets. For
example, the agent with the ID 3, see , wants to buy 10 assets. This order can be
executed with the agent receiving 1, 2, 3 up to 10 assets.

The fourth and last parameter, Max/Min amount, indicates the maxi-
mum /minimum price at which the agent is willing to buy/sell assets. Looking at
the order listed in we see that the agent with ID 5 is willing to sell 15 assets from
his portfolio at a minimum price of 8 for each asset. If the order is executed, the
agent is guaranteed a price of at least 8 for each asset sold.

In real markets, investors have now numerous possibilities to customize their
orders like:

1. Trigger orders - at a certain price a new order is created to buy/sell assets
at the best price possible. These orders are used to limit losses and to cash in
on gains, quickly and safely.

2. Quantity orders - they are similar to our limit orders and they have a quan-
tity restriction that forces the order to be executed for the entire specified
quantity (buy/sell all or cancel the order).

3. Strategic orders - combination of different orders like: buy or sell when price
goes up x%, alternative orders that specify buying at a certain price or selling
at another price (and only one of these orders is executed).

These complex orders can be achieved through the combination of different sim-
ple orders. They are conceived to address specific needs of investors and are focused

Agent ID | Direction | Number of assets | Max/Min Amount
3 Buy 10 7.5
5 Sell 15 8

Table 5.1: The informational components of a limit order
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on intra-day trading operations. Due to the nature of our simulator, extra-day
trading, the orders we use (limit or market orders) are sufficient to create realistic
market dynamics.

5.3.2 Price formation mechanism

During each trading period agents send orders to the market. All these orders are
recorded in a limit-order book. At the end of the trading period, the limit-order
book stops accepting new orders and a procedure for determining the new asset
price is started. After the new price is determined and disseminated to agents, all
matching orders are resolved and the remaining orders are discarded, leaving the
limit-order book prepared for a new trading period.

The new market price is determined using a four step approach. Every step has
a specific objective to accomplish. At each step we choose among the prices selected
at the previous step those prices that satisfy the new objective. Provided a step
offers more than one price that satisfies its objective we use this list of prices and go
to the next step. If we arrive at a single price quote, the price formation stops and
this single price is used as the new market price. If we reach the final step of price
formation having more than one possible price, we use a special fixing procedure
using as reference the market price from the previous period.

At the end of each period we discover the new market price using the following
4 steps:

1. Step 1 will select prices that maximize the volume of executable transactions.
At a price level, the volume of transactions is given by the minimum between
the cumulative buy and sell quantities demanded. We compute the maximum
volume of transactions and we search prices that accomplish this volume. If
there is only one price that achieves the maximum volume, we select this price
as our new market price and the process of price discovery stops. If there is
more than one price that allows for the same maximum volume of transactions
we hold this list of prices and move to the next step.

2. Step 2 will select the prices that minimize the unfilled or unmatched quantities
demanded for selling and buying. For all prices available at this step, that allow
for a maximum executable volume, we compute the minim level of surplus. The
level of surplus is the absolute difference between cumulative buy quantities
and cumulative sell quantities at the same price level. Using the minimum
surplus level we eliminate prices that have a surplus that is higher than this
minimum. We are left with a list of prices that maximize executable volume
and minimize the surplus of unresolved orders. If we have only one remaining
price, we choose this price as our new market price and the process stops. If
we have more than one price we move to the next step.
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3. Step 3 has the goal of finding the price that agrees with the market buy/sell
pressure. The existence of market buy pressure, at a price level, is indicated by
the positive sign of the surplus of orders. If the Cumulative Buy Quantity is
higher than the Cumulative Sell Quantity we can say that the market exerts
buy pressure at this price level. For every remaining price from Step 2 we
observe their respective market pressures. If only buy pressure exists, meaning
that we have a positive surplus at every price level, we will select the highest
price level as our new market price. Since all this residual demand for buying
will increase the price in the next period, we will select the highest price
available in order to minimize the effect after price formation. Alternatively,
if the market pressure is for selling at every price level, we choose the lowest
possible price in order to minimize future drops in price after the new price
formation. If one price is chosen, the price discovery stops here. In the case of
the existence of both buy and sell pressure, or if all surplus is zero, we cannot
choose a price because the remaining surpluses (if any) of buy/sell orders are
identical in magnitude (they all satisfy Step 2) and different in sign and so
can bias the price in any direction. In this case we go to the final step.

4. Step 4 will choose, among the prices from Step 3, a price that is closest to the
reference price. In markets where intraday trading occurs the reference price
is the price of the last intraday transaction. We use as reference price the last
market price, meaning the price for the previous period P;. Next, we narrow
the list of prices available to just only two prices, using these principles :

1. If all the prices from Step 3 show a surplus of zero, we will hold the minimum
and the maximum price from the list of available prices.

2. If we observe a mix of positive and negative minimum surpluses, we will hold
the two prices that mark the changing in sign. At this point in Step 4 we are
left with only two prices P; and P, (we assume P; > P,) and the reference
price P;. We select the new market price P41 using the equation

P1 . Pt Z P1
Pt+1 = PQ . Rg S P2 (55)
Pt : Pt S [Pl, PQ}

This method of price formation ensures the best price for every participant by
maximizing exchanged volume and avoiding to incorporate new biases into the new
price Ppyq.

After computing the new market price, the simulator resolves all the orders in
the limit-order book at this new price. After all possible transactions are resolved
a new trading period can begin. To better understand how a price is discovered we
will go through a complete example. In 5.2 we can see an example of a limit-order
book.
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Agent ID | Direction | Number of assets | Max/Min amount
3 Buy 10 12
4 Buy 7 11.5
1 Sell 15 11
2 Sell 7 13
) Buy 5} 12.5
6 Sell 15 11.75
9 Buy 4 14
10 Sell 4 10

Table 5.2: Example limit-order book

Agents have sent 8 orders to the market. The best buying price is 14, for 4
assets, and the best selling price is 10 also for 4 assets. Following the first step in
the price formation mechanism we compute the buy/sell quantities at each distinct
price and then we discover the cumulative buy and sell quantities.

BUY SELL

Cumulativel Buy quan- | Price | Sell quan- | Cumulative
Buy tity at price tity at | Sell Quan-
Quan- price tity

tity

5 5 12.5 0 41

12 7 11.5 0 41

12 0 15 0 41

16 4 14 0 41

16 0 13 7 11

26 10 12 0 34

26 0 11,75 | 15 34

26 0 11 15 19

26 0 10 4 4

26 0 7 0 0

26 0 5 0 0

26 0 4 0 0

Table 5.3: Market price determination - computing cumulative quantities at all price
levels

As we can see in Table 5.3, most assets can be sold at a price of at least 13
and the most assets can be bought for a maximum price of 12. We compute the
maximum executable volume for each price level, as indicated in Step 1 of the price
formation procedure. The maximum executable volume indicates the number of

assets that can be exchanged after discovering the new asset price.
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BUY SELL

Cumulative | Price Cumulative Max-

Buy Quan- Sell imum

tity Quan- | Volume
tity

5 12.5 41 5

12 11.5 41 12

12 15 41 12

16 14 41 16

16 13 41 16

26 12 34 26

26 11,75 34 26

26 11 19 19

26 10 4 4

26 7 0 0

26 5 0 0

26 4 0 0

Table 5.4: Step one of price determination - maximum volume criteria

The resulting prices, in Table 5.4 . according to the maximum volume criteria

are 11.75 and 12. Because we cannot make an unbiased choice between these two

prices we continue with Step 2.

In this step we compute the minimum surplus,

meaning the number of assets that will not be exchanged, at every distinct price

level.
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BUY SELL

Cumulative | Price | Cumulative | Maximum Minimum
Buy Quan- Sell Quan- | Volume surplus
tity tity

5 12.5 41 5 -36

12 11.5 41 12 -29

12 15 41 12 -29

16 14 41 16 -25

16 13 41 16 -25

26 12 34 26 -8

26 11,75 | 34 26 -8

26 11 19 19 7

26 10 4 4 22

26 7 0 0 26

26 5 0 0 26

26 4 0 0 26

Table 5.5: Step two and three of price determination - minimum surplus and market
pressure

After computing the exchange surplus, as can be seen in Table 5.5, we still
cannot discriminate between the two remaining price choices (11.75 and 12) because
these prices have both the same minimum surplus level (8 assets remain untraded).
Therefore we move on to Step 3 where we look at the market pressure. We observe
that the market pressure for both price choices is for selling (at the price levels
11.75 and 12 we have 8 more assets that are available for selling than for buying).
According to the price formation mechanism we choose the lowest of the available
prices (11.75) thus ensuring the best price and the least bias for the next trading
period. The new price, 11.75, now serves as a basis for the execution of all compatible
orders. The orders are filled and the resulting exchanges are listed in Table 5.6.
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Agent| Operation | Quantity Cash Counterparties
1D exchanged | received Agent IDs
3 Buy 10 -117.5 1
4 Buy 7 -80,5 1,6
1 Sell 15 176,25 3.4
2 Sell 0 0 not filled
5 Buy 5 -57.5 6
9 Buy 4 -A47 6
6 Sell 11 825 5,9 (partly filled)
10 Sell 0 0 not filled
Assets Ex- | 26 Assets not | 8
changed exchanged

Table 5.6: Transaction resolution after price discovery

We see that most of the agents have their orders resolved. For example, agent 3
had initially an order to buy 10 assets at a maximum price of 12 (see Table 5.6).The
agent has his order fulfilled at a price of 11.75 and he obtains 10 assets for a total
sum of 117.5. His counterparty, agent 1, also completely fills his order. Agent 1 sells
10 assets to agent 3 as well as 5 assets to agent 4 thus receiving 176.25 in cash.

We point out that with this price formation mechanism, market orders do not
have any effect on the future price. From on point of view this is normal because
market orders don’t provide any economic information for setting the asset’s price.
From a market pressure point of view it is arguable that large market orders can
influence prices by rapidly going through limit orders in one or another direction.
Because of the nature of our economic and financial environment, this effect is
ignorable. In our simulator, market orders have the purpose of providing liquidity
to the market without having any direct influence on prices.

5.4 The agents, their biases and investment decisions

5.4.1 The agent

There is no market without buyers and sellers. Even when information is missing
markets can function provided that investors are willing to buy and sell. So, we
assert that investors are the basic and most important building blocks of a financial
market. Consequently, the investor’s representation inside a computer based simu-
lation, in the form of an agent, is maybe the most important characteristic of part
of our model.

An agent is a computer model of a real life investor. Like any model, our agent
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is a simplified version of an investor. An agent is a computer program that receives
and interprets a stream of information. Using this information, and his personal
characteristics, the agent makes an investment decision and sends an order. In our
model, an agent receives, at the start of each trading period, two informational
streams about the new economic developments (I;) and the last market price (FP;).
In accordance to the theory behind behavioural finance, (Kahneman, 1973) and
(Kahneman et al., 1981), our agents have cognitive biases which distort the economic
information they receive. Thus, agents will not observe the perfect information
stream I; (see equation 5.2) but a biased interpretation of this informational stream,
Bias,(I;). For example, "optimist” agents will overestimate information about the
fundamental value’s growth.

For an extra twist of reality, we created a mechanism through which agents can
receive delayed information. Instead of the latest economic information I;, some
agents can receive out-dated information I;_p. This feature models the fact that
not all investors have access to the most up-to-date economical information about
an asset. Therefore an agent can receive the latest news (k = 0), a day old news
(k=1) or even older (k > 1).

Market order book Investment method

a0 1 Decision Biased information,

-

mo T :;j Orders Portfoliot

Orders are executed New Portfolio,, 4

Figure 5.4: Information interpretation for investment decision making

After interpreting (biasing) the information streams, an agent will use his in-
vestment strategy to make an investment decision. Using this decision the agent
will make an investment action and choose between buying, selling or holding his
assets. Because cash does not provide a return, the agent is not worried about an
optimal repartition of his wealth between a risky and a non-risky asset. A buy or
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sell decision will prompt the agent to send an order to buy stocks to the extent of
his cash holdings or to sell his entire stock portfolio.

At the beginning of a test, the simulator will create a mix of agents that are
characterized by a set of parameters. Agents start trading the asset. Agents which
use all their cash or sell all their stocks cannot send any more orders to buy respec-
tively sell stocks. Consequently, agents that exhaust both their cash and portfolio
of stocks will no longer be able to send orders to the market. We do not allow for
short-selling or borrowing since the price effects of actions supported by such cash
sources will cancel each other out.

5.4.2 The bias

The personal characteristics of an investor, called biases, are simulated in our envi-
ronment using an affine transformation of the economic information. Thus, an agent
P, with personal characteristics ap and bp will interpret the economic information
I; as

Biasy(Iy) = ap x I + bp (5.6)

Different combinations of an agent’s bias parameters represent well known be-
havioural characteristics of investors (as can be seen in in 5.7.

Nr A B Characteristic

1 1 >0 Pure optimistic (decreases bad news
and increases good news)

2 1 <0 Pure pessimistic (increases bad news
and decreases good news)

3 A1 0 Perfectly Informed, not biased

4 A>1 * Optimistic with good news and pes-
simistic about bad news

5) 1>A>0 * Moderated, >Underestimates good
as well as bad news

6 l<A<O | F Contrarian, Moderated

7 A=-1 0 Contrarian, Perfectly Informed

8 A<-1 * Optimistic with bad news and pes-
simistic about good news

Table 5.7: Bias parameters and associated behavior trait

We observe that the two bias parameters of each agent, A and B, play differ-
ent roles in characterizing the agent’s behavioural traits. Parameter A represents
a characteristic of inflation/deflation of economic value. An agent with A > 1 (or
Nr. 4 in the table above) will overestimate the information, regardless of its sign.
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In a market dominated by this type of agent, market prices fluctuate around fun-
damental values because agents will make exaggerated price corrections, based on
their overestimated information. Thus we say that, apriori, the A’ parameter has
an influence on price volatility, or more precisely on price excess volatility.

The second parameter B, that models the way investors interpret information,
implies a vertical shift in the A*I; line. For a positive B value, see 5.7, an agent
will be optimistic about all news, meaning that it will enhance positive information
with a B amount and it will decrease negative information with the same amount.
Inversely, a negative B value will have the effect of decreasing positive information
and increasing bad information thus rendering an agent to be 'pessimistic’.

An interesting question that arises is if these biases change in time. An investor
can realise that his way of interpreting information is ’biased’ and can try to "unbias"
himself. We can devise an extension to our model where an agent can try to 'unbias’
itself. By transforming equation 5.6 into the formula below,

Bias(I;) = (ap * It + bp — ¢p)/dy (5.7)

an agent tries different sets of values for the ¢,, d, parameters in order to arrive at
the perfect information stream. In our results chapter we argue that doing this ac-
tive 'unbiasing’ method is equivalent to a normal evolution where underperforming
('biased’) agents will theoretically exhaust their wealth and stop trading (thus dis-
appearing from the market). This self-elimination will leave only performing (not
biased) agents to continue trading. During our simulations we see exactly which
agents survive since not having a bias is not necessarily a guarantee for survival in
a financial market.

5.4.3 The investment decision

After receiving new information, an agent executes his investing strategy and gen-
erates new orders. Depending on the agent’s motivation (liquidity, profit, etc.) and
market beliefs we have created a typology of investment strategies (see Figure 5.6).



5.4. The agents, their biases and investment decisions 95

Agent investment

strategy

Profit-motivated

Liquidity motivated
I 1
Co Uninformed
[quwdltytraders} L Informed } L Speculator }
*ﬁ:undamental trade} Chartist trader }
Speculator trader

Figure 5.5: Typology of investment strategies

The first choice in distinguishing between different strategies is that of the ob-
jective of investment. We make a difference between active and passive investors.
Passive investors are those that use markets as a pure means of conserving and
transferring wealth through time. They do not get actively involved in making
‘good’ trades. Instead, they buy assets when they have extra cash and sell the as-
sets when they want to consume. They expect to receive the market return for their
investment period. We call these market participants ‘liquidity investors’.

In opposition to the passive way of the ’liquidity investors’, active investors
engage in efforts to make superior gains on the market. These investors expect
to receive more than the market returns. They believe they can outperform the
market by using their skill and information. Although both types of investors expect
some returns for their invested savings, only the active investors are those trying to
increase their earnings above the market level. Therefore we refer to active investors
as being "profit motivated’. This typology is not intended to be exhaustive. Instead
we describe as many available investor types as possible using a few concentrated
and distinctive patterns (which are modelled in our simulator).

5.4.3.1 Liquidity investors

Liquidity traders are investors that have extra cash. These traders invest their cash
for short periods. They do not look at market fundamentals and are motivated by
a number of reasons which we generically call "liquidity" reasons. Liquidity traders
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send only market buy or sell orders at random time periods.

Because price is determined from the limit order book, these traders’ orders do
not have any direct effect on the formation of the market price. In a continuous
trading market, the liquidity traders have an effect on prices since more market buy
(sell) orders will resolve more bid (ask) prices and eventually increase (decrease)
the current price. In our case, of extra-day trading, liquidity traders offer liquidity
to the market (to the extent of their cash holding). In real financial markets these
traders are often companies with extra cash to invest for short periods (overnight,
week-end, etc.). This liquidity trading strategy is modelled by the method:

Strategy of liquidity trader x

Inputs: Agent’'s Cash, and Stocks, parameters and the selling probability
P(Sell) = 50%

Actions

1. p = random real from [0,1]

2. If p > P(sell) and Cash, > 0 than send Market Buy order for a maximum
amount of Cash,

3. If p < 1— P(sell) and Stocks; > 0 than send Market Sell order for a number
of Stocks, stocks

In this case, with a probability of 50% a liquidity trader will buy stocks with all
his cash or sell all of his stocks. This state-independent probability will ensure a
constant (on average) volume of market orders. These traders can eventually adapt
their probability function to depend on recent returns or volatility levels - like buy
less when volatility increases. This type of state-dependent behavior introduces, by
design, correlations between volume and returns (and/or volatility). From the above
strategy we infer that ’liquidity’ traders can buy high and sell low so at a loss. It
is interesting to see if and when the wealth of these traders’ shifts in the favour of
more informed investors or if these liquidity investors manage to become richer. By
adjusting simulation parameters we can distribute liquidity traders into different
strategy groups. If we lower the probability of selling, these traders can become
what the literature calls 'buy and hold’ investors. With P(Sell)=0.01 a liquidity
trader will buy 99% of the time (so in practice he will buy once with all his cash)
and he sell his portfolio after a certain holding period (maximum 100 trading days,
on average). Lowering P(Sell) even more would increase the holding period of this
new trader (see Figure 5.6).
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Agent investment
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Figure 5.6: Typology of investment strategies (extended)

On the opposite side, if we increase P(Sell) to 99% we model the behavior of an
over-night investor. This investor has a holding period of 1 days (1% of his time he
buys) and only stores his cash in stocks for a very short period. As with the main
liquidity investor type, these two extreme variants f liquidity traders have an impact
only on trading volume and not on prices.

5.4.3.2 Profit-motivated investors

Investors that enter markets to actively increase the value of their portfolio are
called profit-motivated investors. They try to predict future prices or the tenden-
cies of the market. These investors can be divided into two groups, depending on
their beliefs about the financial market. Informed investors are those which believe
markets are not entirely efficient and they will try to profit from these inefficiencies.
Uninformed speculators (or pure speculators) are those that believe markets are ef-
ficient, meaning that the fundamental information is integrated in prices, and they
consider that trading based on the available economic information is not profitable.
Therefore, these investors, called "chartist", "noise" or "technical" traders will use
non-economic information to forecast and profit from future market moves.

The fundamental trader is the investor who thinks the market price should reflect
the economic value of the underlying company. If this relation doesn’t hold, this
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investor will act in the direction of the 'correct’ price. The strategy of this type of
trader can be described as:

Strategy of informed fundamental investors agent x
Inputs: Biasg(I;),P;,Minimum expected return for trading of agent x, ry min

Actions:

1. Forecast, at time t, the agent’s expected value of the asset’s market price at
time t+1 Ex,t(Pt—i-l) =P+ Biasx(It)

2. Compute the confidence interval of this price

ICPH—I = [Ew,t+1(Pt+1) * (1 + Ta:,mm)]

3. If P, <min(ICp,,,) then send buy Limit Order at buy price min(ICp,,,)

4. If P, > max(ICp,,) then send sell Limit Order at sell price maxz(ICp,,,)

In the first step, the trader uses his available information (biased as it is) to
forecast the future market price. Looking at equation 15 on page 81, that describes
the formation of the market information, we see that an informed trader without
any bias could perfectly forecast the next fundamental value of the asset. Even if a
fundamental trader can forecast this value (biased or not) he knows that the market
will not necessarily move the price towards this fundamental point immediately.
Therefore the trader will take a precaution measure by acknowledging that the next
market price will be close the correct fundamental value. This is way the trader
computes, in step 2, a confidence interval using his minimal return requirement.
This type of trader believes the next future market price will be situated somewhere
inside this interval. If the market price is outside of this interval it means that,
if all goes normally, there is an opportunity for a minimally accepted profit since
the market will make an important adjustment to prices in the near future. This
parameter, of minimally accepted return, can be considered as a function of the
agent’s risk aversion and the perceived market risks. The future price confidence
interval is computed using a subjective parameter, minimal return, that contains
the investors risk aversion levels as well as his interpretation of the market and asset
risks. In a very competitive and precise market, that can correctly and quickly
integrate economic information into prices, the market prices will always be very
close to the fundamental realities. Therefore the risk of market misestimating is
small and likewise the minimal required returns of traders are smaller. A trader
with high aversion for risk will want to enter a trade only if there is a significant
profit possibility. Therefore higher risk aversion implies a higher minimal return
expectation. Depending on the trader characteristics, his risk aversion coefficient
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can fluctuate depending on his perception of the market (more risky, less risky,
etc). In our conception of the market, this parameter should rest constant for
all investors. Indirectly, the daily average risk aversion and market risk are not
constant because not all investors’ trade daily. We can understand that the smaller
the minimal required return of investors the better (and faster) prices readapt to
fundamental values. For example, an average of 5% minimal required returns, will
create a market where prices will fluctuate randomly in a +/- 5% band around the
fundamental value. When the price is too close (>5%) to the fundamental value
than the informed investors are not motivated to approach the market price even
closer. If we would make the minimal required return a function of a constant risk
aversion and a proxy of market risk (like past volatility) we would be repeating
known design mistakes by introducing explicit autocorrelation in return volatility
(see chapter for more details).

We can rewrite the equations, from steps 3 and 4 of the informed fundamental
investor strategy, in a return form. This will show that the an informed trader takes
a decision based on his expected returns:

1. ..
2. ..
3. If Ey(r¢41) < 0 and |Ey(r441)| > r2min then make limit sell order

4. It Ey(re1) > 0 and |E¢(r441)| > 72,min then make limit buy order

In other words, such a trader considers that if the market price is too far from
the fundamental value than it will intervene in order to profit off of this gap. When
betting that the market will adjust towards the fundamental value, the informed
trader believes that markets will be once again efficient and they will soon cor-
rectly price the asset. For this reason, these traders are the ones that confront the
crowd-formed trends and introduce stabilizing effect in the market. This behavior
is opposite to that of an informed speculator who chooses to go with the crowd even
though he has information that shows markets are mispricing the asset.

In opposition to informed fundamental investors we introduce the typology of
informed speculators. These speculators have access to the same level of, biased,
information as informed investors. They have the same resources both in cash and
assets and they also share the same capacity for forecasting a confidence interval for
the future fundamental price. The only difference between these two informed trader
types lies in their conception of the market. Informed fundamental investors believe
that markets are efficient but can sometimes make estimation mistakes. When these
mistakes occur, informed traders step in and act in the direction of correcting the
error: when the market overestimates an asset informed investors sell and when the
market underestimates an asset they buy. On the other hand, informed speculators
believe that markets are not that efficient and assets are mispriced for long unin-
terrupted periods. Therefore, informed speculators will not always go against the
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market trend, even if their information tells them that the market is fundamentally
wrong. Theoretically, it is possible that these speculative investors can create a
positive feedback loop to reinforce and sustain a trend in market (provided they act
at the same time). Different from other speculator investors (like technical traders)
the informed speculators trade at incorrect prices only to a certain point. After a
mispricing limit, informed speculators decide that the market is too far away from
the fundamental value. In 5.7 we show the evolution of a fundamental and market
time series in a hypothetical market in order to explain how informed speculators
get involved in the markets.

Emax

Ft

I/ Rmin

Figure 5.7: Speculators and the evolution of fundamental value (green) and market
price (red)

The green line represents the fundamental value and the red line the market value
of an asset. According to their strategies, informed fundamental investors will enter
the market and will start selling the asset (in order to lower its value towards the
fundamental value). These investors will take action when the market price Py will
be around the 7,,;, threshold (an average minimal expected return). The selling
orders of these investors will press on the market in an effort to lower the price,
which is above the fundamental value. In the same time, the informed speculators
can also start acting in the market but in the direction proposed by the market:
away from the fundamental value. These speculative actions, of buying even if the
asset is overpriced, can increase the actual trend. Such actions are executed only if
the speculators believe they can profit off this operation. But informed speculators
can profit off such a trend if they buy with the market and sell against it after
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some time. Indeed, these speculators will go with the market for some time and
after the prices are considered too far from the fundamentals, like passing over the
Rinaz threshold, they will try to close their positions. At this point the speculators
will have a similar behavior as the informed investors. Speculator investors can
be viewed as a hybrid between informed investors (with a high minimal expected
return) and uninformed speculators (chartists that amplify market trends when the
minimal expected return condition is not fulfilled).

The second major type of profit-motivated investors is represented by the un-
informed investors. These investors believe economic information is not a good
indicator for forecasting future market moves. They justify this belief in two ways:
1. economic information is already integrated into prices and the price movements
between moments when economic information is released are generated by mar-
ket "psychology" or 2. markets rarely use economic information and instead they
conceive strategies in order to make fast profits. Because they hold such beliefs,
uninformed investors do not try to obtain and use economic information. Instead
they construct mathematical, statistical or other forms of indicators that help them
discover profitable market "opportunities’.

Inside our simulator, we modelled these investors, also called "chartists", using
simple memory functions that determine trends inside the market price series. Each
uninformed investor has two strategy maps with a length of S. Each strategy has
S units bellowing to one of these states [—1,0,1]. Each investor has two strategies:
one strategy is used to determine a buying signal and another to determine a selling
signal. The strategy configuration is determined randomly for each investor at the
beginning of a simulation. Because we are using a model without active learning, see
chapter , the investors will be using the same strategies during the entire simulation.
A strategy of length 3 can look like:

Strategy; = [1,1, —1]
Strategys = [—1,—1,0]

The numbers [—1,0, 1] represent properties [negative, indifferent, positive]
that returns must have to active a strategy. Each strategy set is confronted with
the history of returns and if all the properties match than the strategy is activated.

Therefore at time t, Strategy; is activated if r._o > 0 and ;1 > 0 and r; > 0.
Strategys is activated if r,_o < 0 and 1 < 0.

Depending on the strategy’s purpose, the chartist will either sell or buy stocks
when his strategies are activated. His investment action will be executed using limit
orders. Because the chartists don’t know the future value of the market prices, but
only the direction of future movements, they will try to sell/buy at "good" prices.
So the chartists will send limit buy/sell orders at the last market price plus/minus
a random variable.

Buying orders are sent with a price of Ask = P, — & and the selling price
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Bid = P, + & where & € N(¢,0.). This method ensures that chartists always
try to get out as much as possible from their trades (buying low and selling high).
Moreover, it also allows orders that are not always higher than the market price.
With this simple trading procedure chartists can detect and profit off of market
patterns. Moreover, if enough chartists have similar strategies, their actions will
create self-fulfilling prophecies.

Strategy of uninformed chartist investor agent x
Inputs: Buying Strategy Sp, Selling Strategy Ss, fie,0¢

Actions:

1. If buying strategy Sj is activated then send limit buy order at price
P =P, — N(pe,0¢)
2. If selling strategy Sg is activated then send limit sell order at price

P =P, + N(pte,0c)

5.5 Review of configuration parameters

We described the different components of our LUMA market simulator: the eco-
nomic environment, the flow of information, the formation of prices and the strate-
gies of the simulated investors. Our research tool is fairly complex because it is
intended to model a highly complex real object: a financial market. Since our goal
is to have a parsimonious description of a market we made efforts to limit the number
of parameters to be used in customizing our simulator. These parameters describe
individual parts of the simulator and can be divided into four categories:

e Asset parameters
— fundamental value daily average return and volatility: uy, oy
e Agent parameters
— proportion of agent types: % uninformed, % technical, % informed, %

special types

— uniform distribution of bias parameters a € [amin,@maz] and b €
[bmin, bmaz]

— uniform distribution of minimal expected returns for informed traders
Tmin € [Rmin, Rmaz)

— strategy length for chartist traders, S

— mean and dispersion of price quotes for chartists, uo and o¢
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e Market parameters

— Total number of agents, N

— Starting wealth and portfolio of agents

This generic parameter set describes the inputs to our LUMA market simulator.
In the next chapter we use the LUMA simulator to answer our research questions.
The general approach taken will be to find different settings configurations that will
generate desired aggregate behaviours. After finding the 'seed’ settings, or range of
settings, we explain what the emergent proprieties are and how different parts of
the markets interact and generate particular features in the resulting market series.
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This chapter is dedicated to using the LUMA simulator and answering the re-
search questions. For each research question we investigate different possible causes
of the researched effects. Through simulation we show the causal links between
investor behavior biases and aggregated market proprieties.

6.1 Proof of concept validations - Benchmark simula-
tions

To test that our financial market simulator functions properly, we make a simple
tests that have the following properties:

1. the modelled economic situations are easily described

2. the link between the investor input parameters and the simulated financial
market outputs are intuitive

We run such tests to verify that the simulator has not got any endogenous faulty
or unpredictable behavior. Also, we test the correctness of each of the important
components of the simulator (price formation, information bias, agent orders). These
tests will help the reader become more familiar with the settings and the usage of
the simulator. Later on it will be simpler to perform and verify more complex tests.

In our first test we see the evolution of prices and of the fundamental information
in the absence of any trading agents. Like in all the following tests, our fundamental
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information will have a normal distribution with a daily return governed by the
parameters gy and oy. Running a simulation without agents implies that there
are not trades and the market price is constant and equal to the first pre-set price
Py (which is the TPO price). For every simulation test we will provide a table with
the main parameters of the simulation. When some parameters are not needed (like
agent-specific variables in this case) they will not be listed in this settings table.
By using these simulation descriptions we are able to easily understand the link
between the inputs and outputs of the simulation tool. In the Table 6.1 we list the
simulation’s parameter specification for this first benchmark test.

We run a simulation using the above parameters and we fix the starting price
(and fundamental value) at 40. As expected, no investor implies no trades and
therefore no changes in the market price after the initial public offering price.

The fundamental value fluctuates randomly and follows a normal distribution.
Since there is no point in using different distributions this fundamental economic
value will always have a normal distribution. We run a second benchmark test using
the same parameters as before with the exception of the agents. Noise traders (that
send market buy/sell orders at random times) are introduced and the results are
similar as before. As confirmed by Veryzhenko, Mathieu, Brandouy (2010), noise
traders (or Zero Intelligence Traders) are not sufficient to generate realistic market
behavior. Because no trader sends price quotes to the market (meaning limit orders)
the formation of a new market price is not possible. To observe new market prices
we need to have a market with at least a few investors that can send limit orders to
the market.

We make a benchmark test with perfectly informed profit-motivated investors.
These investors don’t have any biases and they correctly compute the future funda-
mental value. Moreover, these investors engage in actions to move the market price
towards the fundamental value. Because these agents make perfect estimations they
are willing to trade if the minimum expected return is positive.

We run a simulation with the above parameters and observe that trading takes
place. The market price follows perfectly the fundamental values. Since investors
know exactly the new fundamental values, and they expect at least 0% returns, they
will send orders to buy or sell the asset at exactly the fundamental value.

Parameter | Value Explanation

3% 0% Nolong-term growth in fundamental
value

oy 1% 1% standard deviation of the funda-
mental value return

N 1000 Number of trading days

Nr agents 0 No agents

Table 6.1: Parameters for Test 1, first benchmark test (no agents)
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Figure 6.1: Representative result - Market price (red) and fundamental value (black)
for Test 1 - benchmark without investors

Parameter | Value Explanation

3% 0% No growth in fundamental value
oy 1% 1% standard deviation

N 100 Number of trading days

Nr agents 200 100% Informed investors
Minimum 0% 0 for all investors

expected

return 7yin

Bias a, 1 Investors have perfect information
Bias b, 0

Table 6.2: Simulation parameters for Test 2 with perfectly informed investors that
do not speculate
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Figure 6.2: Representative result for Test 2: Fundamental (black) and market price
(red) in a market with perfectly informed investors

Trading is plentifully since all investors are happy to buy or sell at the correct
fundamental value. If we introduce risk aversion factors (represented by more than
0% minimal expected return) then the investors will try to sell/buy for a profit. This
is similar to introducing a transaction cost C payable by both parts in a transaction.
All investors would be willing to buy the asset at a discounted price, P, —C', or sell it
at P, + C (where P, is the correct fundamental value of the asset). In this situation
all trading would stop since no investor would be willing to buy/sell at a loss.

Proposition 1. We say that in an efficient market, populated only by rational and
perfectly informed investors, trading can occur only in the absence of transaction
costs.

If no transaction costs (or risk aversion or perceived market risks) exist, the
market price will be kept equal to the fundamental value. Therefore all the ’stylized
facts’, discussed in chapter , can be attributed to the distribution of the fundamental
value (since the market does not make any modification on this value). If this is not
true or not verifiable then we should look at other factors or ingredients to a market
that can distort market prices and create ’stylized’ facts. It is clear now that trading
away from the fundamental value or in the presence of transaction costs can only
take place in markets populated by non-rational or not perfectly informed investors.
We will go into more details about such market composition in the following tests.

The previous test assumed that informed investors were willing to trade if they
expected at least a zero return, 7,,;, > 0. But what would happen if investors



6.1. Proof of concept validations - Benchmark simulations 109

would have higher expectations of returns? A financial reason would be that a stock
should be strictly more than a risk-free asset (which pays 0%). We modify the last
test and introduce a level of heterogeneity regarding the minimum expected returns
of informed investors.

An investor 4, with a strictly positive minimum expected return (also implying
risk aversion), will always try to buy at a price of Fj * (1 — 7r:,) and sell at a
minimum price of Fy * (1 + 7, ). Because all investors are perfectly informed (they
are not biased) nobody will be willing to be a counterparty (since it would imply
selling or buying at a loss) and no trading will happen. To avoid this situation we
decide that, in the majority of tests, informed investors will all have a minimum
expected return of 0%. This assumption implies trading will be possible between
informed investors (even with perfect information) and most importantly an efficient
market will be one where the market price will move fast towards the fundamental
value of the asset (since investors with information do not ask for returns on risk).
Because no trading can be possible when perfectly informed investors are risk averse

(demand an positive r,,:,) we extend the first proposition and say that:

Proposition 2. In an efficient market, populated only by rational and perfectly
informed investors, trading can occur only and in the absence of transaction costs
and only between investors that are not risk-averse (demand a 0% Tmin).

This observation is important because it describes an idealistic but unattainable
situation. In real financial markets trading is plentiful in spite of the assumptions of
proposition 2. In real markets we always have costs for transactions and investors are
willing to trade only if they are well paid for the risk they take (they are risk-averse,
Tmin > 0).

Therefore, the trading volume we observe in real financial markets, where in-
formed investors are risk-averse, is possible only if one of these conditions is true:

1. Investors are not always rational
2. Investors are not all perfectly informed

3. Other types of investment strategies exist (aside that of an informed investor
that tries to profit out of the difference between the market price and the
asset’s fundamental value).

If we rerun Test 2 with investors with a variety of biases (a, and b, are variable)
trading will plentiful. Investors have different versions of the "correct" fundamental
value and are willing to trade - in a transaction both parties believe ex-post that they
are making a profitable trade. We also test assumption ¢) and introduce alternative
types of investors.

First we simulate a market with perfectly informed risk-averse investors and
noise traders. We remind that noise traders only send market orders so they will
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Parameter | Value Explanation

wy 0% No growth in fundamental value

oy 1% 1% standard deviation

N 100 Number of trading days

Nr agents 200 100% Informed investors

Minimum (0%,10%] | Informed investors have minimum

expected returns expectations more than 0%

return 7,,in and a maximum of 10% (drawn from
an uniform distribution at the start
of each simulation)

Bias a, 1 Investors have perfect information

Bias b, 0

Table 6.3: Simulation parameters for a test with perfectly informed investors that
do not speculate

be counterparty to the best limit orders. As reported by (Black, 1986) such noise
traders are essential for the liquidity of markets.

If informed investors would have been accepted 0% minimum expected returns
then the market price would equal the fundamental value. In this situation trading
occurs and prices fluctuate above the asset’s fundamental value (because investors
expect a return on their investment and therefore sell higher or buy lower than the
fundamental value). Because informed investors always want a positive expected
return the wealth of noise traders will be transferred to the informed investors.
The speed of transfer depends on the fundamental value’s fluctuations and on the
distribution of the informed investor’s expected returns.

We can observe that prices fluctuate along the fundamental value. Informed
investors always try to sell above or below the fundamental value depending on
their information and return expectations. Trading occurs because noise traders act
as counterparties. Eventually, wealth is transferred from noise to informed traders.
When all wealth is transferred to well-informed traders the trading will stop (due
to the absence of counterparties).

In the last benchmark test we simulate a market only with technical traders.
These traders look for certain specific patterns of past returns (like up, up, down or
down, up, down) and take specific actions. They aim to predict and take advantage
of expected future price movements. In this kind of market the economic information
is useless because no investor uses it.

Because of their beliefs, chartists do no use the fundamental information. They
look for "patterns" in return series and believe these patterns repeat themselves.
As we can see in Figure 6.5 the chartists are coordinating on trend patterns. Once
the price drops two or three times in a row, some traders will have their selling
rule activated and will start selling. These selling actions will move the price down
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Parameter | Value Explanation

3% 0% No growth in fundamental value

ov 1% 1% standard deviation

N 100 Number of trading days

Nr agents 500 70% Informed investors 30% Noise
traders

Minimum 0.01%, Informed investors have minimum

expected 20%)] returns expectations more than

return 7,in 0.01% and a maximum of 20% (they
are all risk-averse)

Bias a,, 1 Informed investors have perfect in-
formation

Bias b, 0

Table 6.4: Parameters for a test with risk-averse perfectly informed investors and
noise traders
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Figure 6.3: Price time series (red) for a market with informed (7, > 0) and noise
traders (parameters in Table 6.4)
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Figure 6.4: Wealth evolution for a market with informed (7, > 0) and noise
traders (parameters in Table 6.4)

Parameter | Value Explanation

N 300 Number of trading days

Nr agents 300 100% Technical traders

Memory 3 Traders use rules regarding the last 3 returns (ry,

length ri—1 and ;o).

1%, 5% Traders try to sell/buy with a random mark-up
of R€ N(u=5%,0 =8%)

oc 8%

Table 6.5: Simulation parameters for a market having only technical traders
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even more. The drop in price will continue until the chartists (which reinforce the
price fall) have sold all their assets. At that moment other strategies will begin to
dominate. In Figure 6.5 we see that the second price trend is generated by traders
who believe prices should rise more and more.

The amplitude and duration of these price trends depend on the traders’ wealth
and their desire for profits (uc and o¢ ) and are independent of actual asset’s
fundamental value. We show below another example where traders are much more
"undecided" in their expected profits: their mean desired return is low puc =1 yet
the volatility of their expectations is much higher than before, o = 10% . This
high volatility implies that the bids and asks of the trades will be more dispersed
and will generate high market returns (see Figure 6.6).

Observing the price evolution from Figure 6.6, we see price bubbles that are
created and destroyed much faster than in the previous test. We are able to observe
bubbles that loose intensity after the initial huge rise in price (up to 400 or 600
starting from the IPO level of 20). This market price behavior is generated by
traders which wager on rising prices and buy at very high price levels. After the
bubble bursts (the rise being limited only by the chartists’ available cash), these
traders will eventually sell their assets at low price level thus absorbing big losses.
These losses hinder their ability to make wild speculations in future situations.

We proposed a few simple tests to test the behavior of traders. We discovered
that noise traders cannot trade alone in a market since they don’t send any price
quotes. Perfectly informed rational traders are able to create a market if they agree
to trade, either buy or sell, at the 'correct’ price (they are risk neutral). Yet, such
an efficient market cannot exist in the presence of transaction costs. Introducing
transaction costs (or positive risk-aversion) stops all trading because no counter-
parties exist. The only ways in which trading can exist in a market with informed
risk-averse investors are: investors have heterogeneous informational biases or other
non-fundamental based investment strategies exist (e.g. noise or chartist traders).

In the end we observed the effects of chartist traders inside a market. These
traders can move prices by themselves and have the tendency to create price bubbles.
All of these behaviors are rather simple and intuitive to predict. What happens when
we introduce features that approach our agents to their real counterparts? What
happens when we simulate financial markets with a mix of different investor types?
We answer these questions in the next chapter.

6.2 Biases and market prices

In this chapter we study the effects of different investor information biases on the
formation of market prices. We start with a simple market setting (like the one
described in Table 6.4) where we mix perfectly informed investors with biased in-
vestors.
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Figure 6.5: Price time series (red) for a market only with chartist traders (parameters
in Table 6.5)
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Figure 6.6: Price time series (red) for a market only with chartist traders with highly
volatile return expectations. Market price in red and fundamental value in black
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Test 4

Parameter | Value Explanation

3% 0% No growth in fundamental value

ov 1% 1% standard deviation

N 2000 Number of trading days

Nr agents 500 50% Perfectly Informed investors ("GOD" in-
vestors)50% Biased Informed investors

Bias a, [0.7,1.3] | Biased investors will interpret information with
a maximum of + /- 30% error.

Bias b, 0

Wealth 500 in cash and 10 stocks for each investor

Minimal 0% All informed investors are not risk-averse (they

expected trade for at least the "perceived" correct price)

return

Table 6.6: Scenario with informed investors, with balanced biases and without biases

In this scenario half the investors in the market know perfectly the future funda-
mental value and trade accordingly (remember that they have 0% minimal expected
return so they are willing to buy or sell at the correct market price). The biased
investors will send orders with prices inside an interval of -30% to 30% around the
correct fundamental value. We observe, in Figure 6.7, that the simulated market
price is very close to the fundamental value (the mass actions of the "GOD" in-
vestors keep prices close to fundamentals). With a few expectations, most price
deviations are very small, at a level of 0.02 points out of the mean market price
of 20. An interesting perspective is offered by the evolution of the average wealth
per investor type. The biased informed investors, represented in red in Figure 6.8,
have on average the smallest wealth levels. The biased investors have returns that
are surpassed (most of the time) by a benchmark strategy of Buy & Hold (a vir-
tual investor that would not have made a single trade from the beginning of the
simulation). We observe that the perfectly informed investors (green line in Figure
6.8 and marked 'GOD’ in the legend) have a more stable average wealth and they
maintain a better performance than the biased investors and even better than the
buy & hold strategy.

Because informed investors are uniformly biased (the information a, bias param-
eter has a uniform distribution) they will have complementary effects on the market
price: some investors will overestimate while others will underestimate the price.
This effect is observed by the small differences between the fundamental value and
the market price.

In the next scenario, Test 5, we use the same parameters as for the last test
(see Table 6.6) and we modify the information bias parameter. This time, informed
investors have a bias parameter a, drawn randomly from the interval [0.9, 1.4]. This
bias will impose on informed investors a tendency to overestimate the fundamental



116 Chapter 6. Answering the research questions

Difference between Fundamental and Market price

005 002 00t

00

Fundamental - Price

-0.05

-0.06

o 50 100 150 200 250 300

Time

Figure 6.7: Graph of the difference between fundamental value and market price
(market parameters from Table 6.6)
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Figure 6.8: Graph of the average portfolio Sharp value for each investor type (market
parameters from Table 6.6)
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value. Such an overestimation is visible in Figure 6.9 where we see that the market
price is often above the fundamental value (albeit with small differences but not
negligible). When the market price goes above the fundamental value the "GOD’
investors will sell their assets and the biased informed investors will buy them at
prices about the fundamental value.

Because biased investors consistently misprice the asset they will most often
buy high and sell low. These investors will trade with each other (since some are
less biased than others) or with the perfectly informed investors (GOD). We see in
Figure 6.10 that the biased investors perform worse than the buy and hold strategy.

To better understand how the fundamental value fluctuates away from the mar-
ket value we will explain how investor biases distort resulting prices. In Figure 6.11
we can see the graph of a theoretical fundamental value in three points: V4, V41 and
Viro. At the first time moment the market price is exactly the fundamental value.
The new information flow, Iy — Viy1-P;, will inform investors about the evolution of
fundamental value in the current period. If the majority of the investors are biased
then they will interpret this information as a, * I; + b,. Therefore the new market
price Pry1 will be a biased function of V;41. Going on in such a way, the market
price will fluctuate around the fundamental value. These differences between market
price and fundamental value will not be cancelled out through averaging since the
distance between price and fundamental value is constrained by the availability of
funds of the biased investors, price levels and existence of sufficient counterparties.
We underline that as long as there are sufficient informed investors (with a,>0) than
the market price will have a tendency to revert to the asset’s fundamental value. As
a consequence of this investor bias (a,>0) we also observe the existence of excess
volatility.

In Figure 6.12 we notice that the volatility of market returns is most often
above that of the fundamental value. As we will see this excess volatility persists in
situations where other stylized facts are present.

We observe a consistent average overestimation of prices (in each test we take the

Summary Average Average fundamental to mar-
statistics of excess | ket price distance

for 100 | volatility

simulations

of Test 4

Mean 0,00038403 -0,03260471

Standard 8,62346E-05 | 0,00479993

deviation

T value 44,5331688***| -67,9274698***

Table 6.7: Summary statistics for 100 trial simulation with input parameters from
Test 4 with biased a, parameters
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Figure 6.9: Graph of the difference between fundamental value and market price
with optimist biased investors)
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biased investors
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Figure 6.12: Excess volatility in a market where informed investors are optimists,
ap in [0.9,1.4]
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average excess volatility of the average distance between fundamental and market
prices and we average these measures across all the simulations).

After establishing that a population of biased (a, > 0) informed investors can
produce persistently biased prices we make tests to see the influence of the factor b,
on the creation of market prices. We remind the biasing equation, for an investor p,

Biasy(It) = ap * Iy + b, (6.1)

from chapter 5, in which a positive/negative b, value represents an opti-
mistic/pessimistic look on assets.

Running a simulation with the parameters from Table 6.8, yields a market price
above the fundamental value with a distance equal to an average of investor ran-
domly drawn b, biases.

In Figure 6.13 we see that the market price jumps at the beginning of the sim-
ulation to the biased levels and this bias persists throughout the simulation (see
statistics in Table 6.9).

The bias b, is not additive and market prices do not grow consistently. This
bias just keeps prices at a distance from the fundamental value. It is important to
point out that the market price bias is the result of the joint actions of a number
of investors having heterogeneous levels of optimism b,. If we rerun Test 6 with a
negative bias (mostly pessimist informed investors) b, in [—2, 0] we will not observe
the intuitive result of market prices being consistently below the fundamental value.
Instead market prices will rest very close to the fundamental series. This effect is
due to the action of the GOD perfectly informed investors. When the pessimists
try to lower prices with low quotes, the GOD investors will continue to provide
high bid prices. If the market price drops, even a little under the fundamental
value, GOD investors will seize the opportunity and start buying the undervalued
asset. Because of the price drop GOD investors will be able to buy more assets
with the same amount of cash. These factors will result in a relative well valued
asset. To obtain a market that consistently undervalues assets we have to increase
the proportion of pessimist investors to perfectly informed investors. We run a new
test with the parameters presented in Test 6. To observe an effect of persistent
underestimation of the asset we have to have a market where the pessimist investors
have a dominant financial position (here they start with 90% of total wealth) and
with an important array of pessimism degrees (from -4 to 0).

In Figure 6.14 we observe that the market price (red) falls and rests below the
asset’s fundamental value.

Even if the pessimism level of the investor is wider than in Test 6 (the lower limit
is now -4) we see, in the statistics summary Table 6.11 that the underestimation
level is lower than when investors were optimists.
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Test 6

Parameter | Value Explanation

3% 0% No growth in fundamental value
oy 1% 1% standard deviation

N 2000 Number of trading days

Nr agents 500

50% Perfectly Informed investors
("GOD" investors)50% Biased In-
formed investors

Bias a, 1 Biased investors will be optimistic
about the fundamental value.

Bias by, [0,2]

Wealth 500 in cash and 10 stocks for each

investor

Table 6.8: Scenario with informed investors, with and without biases
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Figure 6.13: Example time series variation with optimistic biased investors (market

price in red and fundamental value in black)
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Summary statistics for 100 simula- | Average fundamental to market

tions of Test 6 price distance (persisting over-

pricing bias)

Mean -0,81382763
Standard deviation 0,09008741
Student t value -90,3375544

Table 6.9: Summary statistics for test 6 - shows that market price is consistently
overestimating the fundamental value prices (in each test we take the average excess
volatility of the average distance between fundamental and market prices and we
average these measures across all the simulations

Test 7

Parameter | Value Explanation

y 0% No growth in fundamental value

ov 1% 1% standard deviation

N 2000 Number of trading days

Nr agents 500 10% Perfectly Informed investors
("GOD" investors)90% Biased In-
formed investors

Bias a, 1 Biased investors will be pessimistic
about the fundamental value.

Bias b, [—4,0]

Wealth 500 in cash and 10 stocks for each
investor

Table 6.10: Test 7 - Market with dominant pessimistic informed investors

Summary Average fundamental to | Average fundamental to
statistics market price distance | market price distance
for 100 | (persisting under- | (persisting overpric-
simulations | pricing bias)b, in | ing bias) b, in [0,2]

of Test 6 [-4,0]

Mean 0,74505984 -0,81382763

Standard 0,1136774 0,09008741

deviation

Student  t | 65,5415975 -90,3375544

value

Table 6.11: Summary statistics for test 7 - shows that market price is consistently
underestimating the fundamental value
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Figure 6.14: Test 7 - Example price series in a market where pessimistic investors
represent 90% of the market

This smaller gap between the market and fundamental value is due to the ac-
tions of the perfectly informed investors. When the market price drops bellow the
fundamental value the GOD investors will buy as many stocks as their cash permits
them. Afterwards, if this underestimation persists the GOD investors will just hold
their portfolio of stocks and will wait for the market to correctly evaluate the stocks.
Holding only undervalued stocks (no cash) will render the portfolio value of perfectly
informed investors more volatile, as we can see in Figure 6.15. Of course, informed
strategy that take into account time horizons would change this results (informed
investors could close their positions even if the asset’s price did not revert to it’s
fundamental value).

In the absence of new investors or internal changes in investor behavior, the
market will persistently under-price the asset (the perfectly informed will hold on
to stocks and wait for them to be well valued). In the previous case, of asset
overestimation, the GOD investors would have sold all of their assets (because they
were overpriced) and kept only cash.

Research Question #1: What is the miz of biased investor behaviors that
produces consistently biased market prices?

Answer #1:

Informed biased investors, that over or underestimate the magnitude of the in-
formation regarding the distance between fundamental and market prices, can create
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Figure 6.15: Test 7 - Evolution of wealth for different types of investors in a market
where pessimist investors dominate (stocks are undervalued)

consistently biased prices. The less evenly distributed their biases are (the majority
of investors tend to over or underestimate information) the more important is the
average deviation from fundamental values. The more relative wealth these biased in-
vestors hold the easier the market will misprice assets. A mispriced state can persist
as long as new and better informed investors don’t enter the market in a sufficient
enough volume. Investors that have "correct” price estimations will either sell all
their assets (if overpriced) or buy with all their cash (if underpriced). When all the
"smart" money is used and prices are still ‘biased’, these non-biased investors loose
control over prices. Short-selling abilities are irrelevant since the biased investors
can also take credit to buy more mispriced assets.

6.2.1 Biases involving lags in information interpretation

In this chapter we study the effects of a very specific type of bias: lag in information.
We remind the equation through which information is constructed and biased for
an individual agent:

I = ‘/t—l—l—lag - B (62)

From the original equation we replaced the index ¢t + 1 of the fundamental value
with the index t + 1 — lag. In all the previous tests the lag variable of informed
investors was 0. This implied that all investors considered at trading period [¢, ¢+ 1]
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the information that explained the new fundamental value of that period. In reality
this is not the case because investors sometimes look at outdated information and
infer from them their conclusions about the present time. The existence of a lag in
using economic/financial information can also be explained by the existence of some
psychological biases like ’hindsight’ or ’availability’ bias (see chapter for complete
descriptions).

We study the effects of this parameter, lag, on the formation of prices using a
simple market structure, described in the table below.

In Table 6.12 we have described a market with no growth and where all the
investors have unbiased information which can be lagged for a maximum of 8 days.
If at time t an investor receives information with a lag of 1 he will be estimating
the next market price, P41, based on the information about the fundamental value
of yesterday, Vy, instead of the current period’s fundamental value V1. We run a
simulation with these parameters and we observe the appearance of stylized facts
(leptokurtosis and volatility clustering).

We can observe in Figures 6.16 and 6.17 that the market price does not exhibit
the same distribution as the fundamental value it was supposed to follow. The
phenomena of ’fat tails’ is clearly visible, extreme market returns are more proba-
ble than they should be (according to the efficient market theory). The summary
statistics Table! 6.13 shows a clear indication about the persistence of stylized facts
through 100 simulations runs with the same parameters.

If we consider the effect of lagged information on market price we can say that the
market price is formed using orders based on current and the last seven fundamental
values, e.g. :

Pt-l—l :f(Pt>V%+17‘/;f7‘/t—17“'7VYt—7) (63)

Rt+1 - f(Rta Rt—17 seey Rt—?) (64)

From these equations we can infer that the market returns has a direct form
of auto-dependence due to the fact investors that use lagged information. If we
look at the autocorrelation diagram for the market returns, Figure 6.18, we see that
returns exhibit non-linear autocorrelation (confirmed in repeated simulation runs -
see statistics summary in Table 6.13). Moreover, if we increase the span of the lag
parameter (in this case to 20) we can observe in Figure 6.19 that the non-linear
autocorrelation of market returns becomes stronger.

One can observe that in Figure 6.18 and 6.19 the autocorrelation levels of abso-
lute return (at the power 1.5) are almost double than the levels of autocorrelation
when the maximum investors lag is 8. In either of the two cases, average and long

'The Hurst statistic test parameter was used. A value H strictly between 0.5 and 1 indicates
long-memory behavior of returns. Student t test considering the null hypothesis as Hurst param-
eter=0.5
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Test 8

Parameter | Value Explanation

wy 0% No growth in fundamen-
tal value

oy 1% 1% standard deviation

N 5000 Number of trading days

Nr agents 200 100%  Informed in-
vestors (not specula-
tors)

Information | [0; —§] Each investor will have

lag a (fixed) lag drawn ran-
domly from the interval
[0..8]

Bias a, 1 Investors have perfect
information

Bias b, 0

Table 6.12: Market with perfectly informed investors, with lag in information
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Figure 6.16: Distribution of returns for the fundamental value resulting from a
simulation using the specifications in Table 6.12
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Figure 6.17: Distribution of returns for the market price resulting from a simulation

using the specifications in Table 6.12

Summary Excess kur- | Non-linear autocorrelation of abso-
statistics tosis lute returns (HURST test)

for 100

simulations

Mean 2,99520934 0,69654308

Standard 1,07042628 0,08612114

deviation

Student  t | 27,981463 22,8216998

value

Table 6.13: Statistical parameters for excess kurtosis and long memory of returns
for 100 tests with the parameters from Table 6.12
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Figure 6.18: Autocorrelation of absolute market returns resulting from a simulation
using the specifications in Table 6.12 and a maximum lag of 8
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Figure 6.19: Autocorrelation of absolute market returns resulting from a simulation
using the specifications in Table 6.12 and a maximum lag of 20
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lag intervals, the non-linear autocorrelation is very persistent (its last for even 1000
time periods). In real markets, see the Introduction, we observe levels of autocor-
relation that are even much higher (above 20%) and that decay rapidly and are
usually not significant after a lag of 200 rounds. We have pointed out that volatility
clustering (as well as extreme returns) can be generated realistically for very simple
fact: the use of old information for the formation of new prices. Lagged informa-
tion, even if used by unbiased investors, will generate non-linear autocorrelation in
market returns. If we combine the lagged property of information usage with other
biases, like a, or b,parameters, we will observe richer market dynamics whilst still
maintaining nonlinear autocorrelation.

With this observation, we conclude that ‘almost’ efficient markets, where the
differences between market prices and the fundamental value are very small, can
exhibit stylized facts. This statistical effect is caused, in this case, by a simple lag in
the investor information.

6.3 Volatility clustering and other "stylized" facts

Volatility clustering is one of the ’stylized facts’ presented in chapter 2. Market
return series that display this property are characterized by periods with different
volatility levels: low/high volatility tends to be followed by low /high volatility. In
classical studies, see chapter , such effects where explained by investors that had
one of the following properties:

1. Simulated agents compute their future expected price using a function of past
volatility like:

Et(PtJrl) = f(Pt’ OR¢,..;Re_ s ) (65)

2. Investors’ change, for different reasons, their risk estimations and they switch
between regimes of high/low expectations of returns which induces them to
make bids/asks that generate high/low returns.

These approaches generate times series with volatility clustering but the result
is actually embedded inside the model by its design. The two market models 1)
and 2) can be approximated by an autoregressive function with generates market
returns. Although this is how we can numerically estimate market return it does
not consist in a proper behavioral, causal explanation.

In our simulator we have tested different mixes of investors and observed that
chartists mixed with perfectly informed investors can generate such stylized phe-
nomena. We run a simulation with mixed technical /informed investors and following
parameters:
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Test 9

Parameter | Value Explanation

N 500 Number of trading days

wy 0% No growth in fundamental value

oy 1% 1% standard deviation

Nr agents 500 40% Technical traders 60% Perfectly
informed investors

Memory 3 Traders use rules regarding the last

length 3 returns (r ¢, 1,1 and o).

1%, 1% Traders try to sell/buy with a ran-
dom mark-up of

oc 5%

Agent Cash and | 2000 in cash and a portfolio of 10

Wealth Portfolio | stocks for each agent at the start of
the simulation

Table 6.14: Simulation parameters for Test 9 - volatility clustering with technical
traders

We observe, in Figure 6.20, that the market price sometimes departs from its
fundamental value. This departure happens when a considerable high number of
chartist trader have strategies that are activated. These chartists send orders to
buy (or sell) and their collective action moves the resulting market price away from
the fundamental. When the market price is below/above the fundamental value the
perfectly informed investors will try to buy/sell the asset. To be able to restore the
prices to their correct levels the informed investors have to put more pressure on
the prices than the chartists investors do.

It is possible that chartist traders can absorb all (or most) of the stocks of the
informed traders and they afterwards dominate the market price. At these moments,
the chartists can self-coordinate as a group and are able to control the market
price through their orders. The speed of growth and amplitude of the resulting
price bubbles are determined by the expectations of chartists (the bigger the return
expectations the faster the price will raise) and on their cash reserves (the more cash
chartists hold the bigger can the bubbles get). We see bubbles appearing in Figure
6.20(at the beginning at the simulation and around simulation time 290) or in Figure
6.21 (starting at time 50 and ending at around 450). During such periods market
prices go above/under fundamental values and fluctuate without any apparent logic.
As one can observe bubbles can be negative when prices drop far below fundamental
values. This is a natural phenomena, albeit not very frequent, when an asset can
be highly underpriced because investors sell such stock in bundles when important
opportunities arise. We recommend (Allen and Gale, 2000) for examples of positive
and negative asset bubbles.
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Figure 6.20: Example market price behavior with 40% chartists, 60% perfectly in-
formed (market price in red and fundamental value in black) - simulation parameters
from Table 6.14

Until the market price reaches again its fundamental values the market prices are
virtually the result of orders coming from chartist traders. During these mispricing
periods, the price quotes attached to orders are generated using different volatility
levels (o¢) than that of the fundamental value (o). Therefore this is a possible
explanation for why market prices have different volatility regime: different regimes
implies different types of investors (with different return distribution expectations)
that drive market prices. Because of this change in regime we can observe the
volatility clustering phenomena. Looking at Figure 6.22 we can see the return time
series for one example simulation test.

We can observe two compact and distinct periods: high volatility levels (time
0-120 and 300-400) and low volatility levels through-out the rest of the simulation.
As argued in (Shiller, 1980) the volatility levels of the fundamental returns do not
explain the volatility observed in the market returns series. In our case our funda-
mental return have, by design, a normal distribution.

The only determinant of these price anomalies is the self-coordinated? actions
of chartist traders (all the other traders are perfectly informed investors). The
appearance of these different volatility regimes, one dominated by informed traders

2This coordination is involuntary and it happens when a sufficient number of chartist use similar
strategies for buying/selling. These strategies are activated in similar conditions and the chartists’
orders have a significant impact on market prices.
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Figure 6.21: Another example market price behavior with 30% chartists, 70% per-
fectly informed (market price in red and fundamental value in black) - simulation
parameters from Table 6.14
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Figure 6.22: Example market price return series with market simulation parameters
from Table 6.14
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and another by technical traders, also influences the distribution of the market
returns. We observe, in Figures 6.23 and 6.24 that market returns are leptokurtic,
as opposed to the fundamental returns which are normal.

We know that the distribution of the fundamental value is normal and has the
parameters that are maintained fixed for all simulations ( puy = 0 and oy = 1%).
The market returns have much more instances of extreme returns (2 to 4 times oy
deviations). This is caused by the volatility of the expected returns of the chartist
traders (uc = 1 and o = 5%). Because the chartist investors have high return
demands, they send orders that generate more volatility in market prices.

Other than increasing the probability of extreme market returns, the different
volatility regimes create the effect of non-linear autocorrelation in returns. We can
see in Figure 6.26 that normal returns are not correlated thus showing that the
market cannot be predicted using only past returns. On the other hand, absolute
returns are, in a certain measured, explained by past absolute returns (see Figure
6.25). This time, the levels of return non-linear autocorrelation have a level similar
to the ones observed in financial markets (see Introduction chapter). We test our
results for robustness and place the summary statistics in the Table 6.15.

In the Table®* 6.15 we first show that the stylized facts (using statistical tests for
excess leptokurtosis and non-linear autocorrelation of returns) are present in multi-
ple runs of the market with parameters from Table 6.14). Moreover we need to test
for the emergence of price bubbles. Therefore we compute, for every simulation, the
average/median /maximum distance between the market price and the fundamental
value using the equations 6.6.

3The Hurst parameter was used. A value H strictly between 0.5 and 1 indicates long-memory
behavior of returns. Student t test considering the null hypothesis as Hurst parameter=0.5

F is the fundamental value and P is the market price. We measure statistics about the distance
between the market price and the fundamental value

Summary Excess kur- | Autocorrelation Median Average Maximum
statistics tosis of absolute re- | Fy— P, (m) | F} — P; (u) | Fy — P, (M)
for 100 turn (HURST

simulations parameter)

Mean 1,39481349 | 0,81418867 5,708036 12,2303034 | 97,90651
Standard 1,0222444 0,1016898 3,683139 8,98876249 | 86,06556
deviation

Student 13,598121 7747k 31 . 4%** 15,49775%** | 13,6062149%*f 11,37581***
t-value

Table 6.15: Robustness test for simulation with parameters from Table 6.14
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Figure 6.23: Probability distribution of market returns - simulation parameters from
Table 6.14
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Figure 6.24: Probability distribution of fundamental value returns - simulation pa-
rameters from Table 6.14
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Figure 6.25: Test 9 Autocorrelation diagram for absolute market returns - simulation
parameters from Table 6.14
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Figure 6.26: Test 9 Autocorrelation diagram for normal market returns - simulation
parameters from Table 6.14
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M = maz(F, — P,)
m = median(F; — P;) (6.6)
w = mean(F; — P})

We see that our results, as described in Table 6.15, verify the following hypoth-
esis:

1. Maximum value is at least 10 times bigger than the median value (M —10xm >
0). If this is true than we have, in every repetition of our Test 9 simulation
parameters, at least one price bubble (a market price much higher than the
fundamental value). This test shows only that there are moments were market
prices spike way above the fundamental value. Yet, such sudden market moves
can last for only one period (if there is a sudden spike in market prices) and
do not constitute proper bubbles.

2. To prove that our market generates, robustly, price bubbles, we measure the
relationship between the average and the median distance between price and
its fundamental value(y — 1.5 % m > 0).If this is true than the average value
is biased because of extreme observations (high prices around the peak of the
bubbles). This condition shows that bubbles appear. We have to also test
that such bubbles break.

3. To prove that price bubbles appear and also crash we check if the average price
distance is not higher than twice the median value (u — 2.2 xm < 0). If this
is true than it shows that the periods with very high price peaks do not last
very long - hence bubbles crash. If price distance would stay high then the
average measure would be affected we increased considerably above 2 times
the median.

We make hypothesis tests, for our three bubble measures, and observe in Table®
6.16 that our predicted results, a population of investors with sufficient chartists
create price bubbles, are statistically significant and appear consistently in our sim-
ulation outputs.

With these robust observations we have shown that price bubbles (and also
volatility clustering, along with excess kurtosis) are caused by a chain of events that
we summarize here:

1. Prices fluctuate along with fundamental values. Market price is controlled by
informed investors at follows the asset’s fundamental value.

2. A specific pattern of market returns appears (by chance) and a significant
number of chartists send limit orders, with involuntary coordination, which
shift the new market price away from its fundamental value.

"We could not reject the Ho hypothesis (u=2*m) and this implies that the average is not
significantly bigger than twice the median value.
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Summary Test Test Test
statistics M=>10*m u>1.5%m u>2*m
for 100
simulations
Mean 51,8515 3,59499 0,71654984
Standard 71,0521 5,71153 5,50356029
deviation
Student 7,29767**% | 6,29427*FFF | -0,77749239
t-value

Table 6.16: Hypothesis tests for the presence of price bubbles

3. When the market price is below/above its fundamental value the informed
investors will start buying/selling assets motivated by the potential profit.

4. If more chartists are willing to buy/sell assets than the fundamental investors
can sell/buy then control of prices will move towards chartists. This period,
while informed investor try to profit of the sudden mispricing, lasts until fun-
damental investors consume all of their resources (either all their cash from
buying undervalued stocks or they sell all their overpriced assets).

5. From this moment the informed investors have exhausted their resources for
new orders and the market price is completely created by the orders of the
chartists. Credit lines are irrelevant since both types of investors can get credit
for further investment.

6. Market prices now fluctuate as a function of the expected returns of the
chartists and of the volatility of these expectations (that volatility is usu-
ally very different from the distribution parameters of the fundamental value).
We are now in a different volatility regime where chartist trades generate mar-
ket prices. Because chartists have trend following strategies market prices will
evolve in trends and thus form bubbles.

7. Market price bubbles persist as long as chartists have enough resources and
there are enough counterparties (usually also chartist investors) that enable the
exchange of assets at prices away from fundamentals. When these resources di-
minish or counterparties disappear, the orders of the informed investors (with
their remaining assets) will drive back the price towards the fundamental lev-
els. This step can also happen because of an accidental reversal in market
price/fundamental value trend. When such a reversal arrives (can happen by
chance) a part of the chartists will have their selling strategies activated and
will start trading in the new price direction.

8. After bubbles crash and when market price reach the level of the fundamental
value the limit order book will be filled with orders from the informed investors.
The actions of these informed investors can have a price stabilizing effect.
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We can now complete the answer to the research question #1 by adding that
a biased market, that sometimes exhibit the ’stylized’ facts, can be created in an
number of ways: combining different types of investors (informed or not informed)
or having informed investors that use lagged information (see chapter 6.2.1.

One can make the argument that since market prices return to fundamental val-
ues, chartist traders will loose money and soon disappear from the market. We will
see in chapter 6.5 that this is not always true and the survival of different strategies
depends on the horizon of investment and mix of different types of investors.

6.4 Bubbles: how prices can grow above the asset’s fun-
damental value

In this chapter we look for answers to the research questions #4 and #5. More
specifically we search for the basic behavioral causes of the creation and destruction
of price bubbles.

Market bubbles can be defined as phenomena during which market prices rise
abruptly, at levels above what the fundamental information can explain, and this
rise is followed by an abrupt fall in prices. The essential element in the definition of
a bubble is that it consists in a price rise and fall and that the rise is far above the
fundamental value. Unlike classical studies where the asset’s fundamental value is
unknown, using our research methodology we can quickly observe such phenomena
by comparing the market price with its fundamental value (a market with risk-
neutral perfectly informed investors is efficient when market prices are at the asset’s
fundamental value level). In the previous chapter we showed how prices are influ-
enced by informed investors or chartist investors (non-informed profit motivated).
For a bubble to exist, investors have to send orders to sell and buy and price quotes
that are higher and higher than the fundamental values.

We first look at a market with informed investors. For such investors to send
orders to buy or sell assets above the fundamental value they should have biased
information. We have seen that investors with an a, bias generate a market with
excess volatility, but market prices deviate only shortly from fundamentals (the
market price returns fast towards the fundamental value). When informed investors
have a by, bias they will generate market prices which will rest at a relatively constant
distance above or below the fundamental value. With such a model specification we
will not be able to obtain price bubbles since the price expectations of the informed
investors is "correctly" linked only to the fundamental value. One "creative" way
would be to transform the parameters a, and b, into time functions such as:

ap(t) = ap(0) * (1 + a * sin(t)) (6.7)
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Bp(t) = Bp(0) x (1 + S (1 4 *cost(t))) (6.8)

The market prices created by informed investors with dynamic biases such as
ap(t),by(t) would go above the fundamental values and then down in the shape
of a geometrical sinus function. We can even control very well the amplitude and
duration of price bubbles by acting on the periodicity of the sin and cos functions.
While this approach would create the desired effect, price bubbles, it would not
provide a sound financial explanation.

We can affirm that for market price to go above the fundamental values we
should have at least one of the conditions:

1. When the market price goes above the fundamental value (for whatever reason)
the informed investors will sell the overpriced asset. Their counterparties will
be investors that do not base their price expectations on the fundamental
value, e.g. chartist traders. Having bought all, or most, of the traded assets
these non-informed investors will continue to bid up the price and create a
speculative bubble. This bubble will grow with certain a speed and up to a
height depending on the aggressiveness and cash reserves of these speculative
traders.

2. Informed investors send orders to sell at higher and higher prices and "other"
investors should be willing to buy at such prices. When the market price
passes above its fundamental value the informed investors will NOT try to
sell the asset (to cash in this capital gain). Instead they will speculate this
growth and try to buy the asset to sell it at an even higher price. Investors
with such behavior (a mix between an informed and a chartist trader) will be
called "SITH" investors and will be studied later on.

In the first case we consider a market where perfectly informed investors are mixed
with chartist investors. Such a mix of population, 40% chartist and 60% informed
investors have already proved to consistently generate bubbles in Test 9 (with sum-
mary statistics in table 6.15). One can argue that the population mix we have chosen
is arbitrary and might not be realistic. Therefore, we will perform Test 10 where we
will vary the proportions of informed and chartist investors and try to determine a
minimal concentration of chartist traders that are able to generate market bubbles.

We vary X, the percentage of informed investors, from 100% downwards and
for each level we run 50 simulations. We want to find out what is the minimal
percentage of chartist traders that can produce market bubbles. If is important to
consider that all investors have the same level of wealth at the beginning of the
simulations. For all levels of X% we run 30 simulations and record, for each, the
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Test 10

Parameter | Value Explanation

3% 0% No growth in fundamental value

oy 1% 1% standard deviation

N 350 Number of trading days

Nr agents 500 x% Perfectly Informed investors
(100-x)% Chartist investors (not in-
formed)

Memory 3 Chartist investors will invest using

length speculative rules of concerning the
last 3 market returns

e o (1%,7%) | Traders try to sell/buy with a ran-
dom mark-up of R € N(up =
1%,0 =7%)

Wealth 1000,10 Each investor starts with 1000 in
cash and 10 stocks. IPO price of the
stock is 20

Table 6.17: Simulation parameters for Test 10: we vary the proportion X from 100%

downwards
Percentage | Percentage | Median Average Maximum
of Informed | of Chartist | bubble size | bubble size | bubble size
investors investors
(x%) (1-x)%
70 30 0 0,31 3,86
69 31 0 0,91 9,45
68 32 0 0,69 5,58
67 33 0,015 1,7558 14,069
66 34 0,04 4,42 40,13
65 35 1,19 5,49 38,115
64 36 1,91 9,306 56,182
63 37 3,99 8,6267 50,584
62 38 9,27 9,65 65,43
61 39 6,64 13,145 70,53
60 40 6,47 18,791 128 4

Table 6.18: Summary statistics for results of multiple simulations on different levels
of relative proportions of chartists to informed investors.
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average/median /maximum value of the distance between the market price and the
fundamental value.

We list the test results at levels starting from 70% informed investors (a lower
percentage chartists cannot persistently move away prices from their fundamental
values). Our results indicate that a growing number of chartist investors manage
to slowly move prices away from its fundamental value. In Figure 6.27 we show
an example time series with 31% chartist traders were we observe very small price
bubbles. At a level of 35% chartist investors we notice that the average bubble size
is 4.42 units (meaning an average price increase during a bubble of 22% over the
fundamental value). Bubbles are now bigger and more persistent, as observed in
Figure 6.28, and they can move prices at an average maximum of 40 units (at these
bubbles peaks market prices are double the fundamental value). It is clear that
increasing the fraction of chartists will generate market series with bigger and more
frequent bubbles.

It is important to understand that the minimal conditions of price bubbles de-
pend on a number of factors. First of all, it is important that the mass of chartist
investors have enough cash resources to buy at least all the stocks of the informed
investors. This is a necessary but not sufficient condition for the emergence of a
price bubble. Even if chartists manage to hold all (or most) stocks they will still
need extra cash to be able to fuel the price trend and buy stocks at increasing prices.
Moreover, after informed investors have sold their overvalued trading can continue
only if enough heterogeneity exists between chartist investors.

We can observe that, with 31% chartists, small price bubbles emergence (time
periods 95-130 and 135-160). When increasing the fraction of chartists, like in
Figure 6.28, bubbles appear more frequent. To understand in more detail why and
how these price deviations are formed we examine the transfer of assets during a
simulation.

In Figure 6.28 we observe more features of an example simulation of a mar-
ket with the same parameters as before, where 35% of the investors are chartists.
The market price forms more and bigger bubbles. When the bubbles rise informed
investors sell their (overvalued) assets and trading continues between chartist.

We see, in Figure 6.29, that most assets are quickly transferred from the in-
formed to the chartists investors. After this moment market prices move away from
fundamentals. As indicated by the excess volatility graph, in Figure 6.30, the sim-
ulated periods with more volatility are those when trading is mostly done between
chartists. The traded volume graph, from Figure 6.31, indicates that trading has a
lower volume when prices are disconnected from reality (chartist driven). This hap-
pens because informed investors are not in the market anymore. With these robust
observations we give a few qualitative answers for the existence of price bubbles.

Research question #4: What are the market micro conditions for the emer-
gence of price bubbles?
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Figure 6.27: Example simulation results in a market with 31% chartist (see table
6.17 for the market parameters)
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Figure 6.28: Example simulation results in a market with 35% chartist (see table
6.17 for the market parameters)
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Figure 6.29: Portfolio holdings of investors in simulation with a market with 35%
chartist (see table 6.17 for the market parameters)
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Figure 6.30: Excess volatility of market returns in simulation with a market with
35% chartist (see table 6.17 for the market parameters)
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Figure 6.31: Trading volume in simulation with a market with 35% chartist (see
table 6.17 for the market parameters)

Answer: The necessary conditions for the appearance of price bubbles are:

a. The existence of investment strategies were the prices of bids are not linked
with a the asset’s fundamental value

b. Investors with strategies from a) must have enough cash to
1. buy most stocks held by investors with fundamental based strategies.
1. be able to lrade al higher then fundamental level prices

Price bubbles can be initiated by random movements of the fundamental value that
resull in an overestimation of the assel. In the presence of a group of uninformed
(or badly informed) investors this overestimation can generate a coordinated buying
action. Informed investors will sell the overpriced asset but chartist investors absorb
the entire offer. If chartist still have enough cash they can continue trading, among
them, the asset at higher and higher prices. The price bubble will burst when there
1s no more cash to buy stocks at high prices.

From the simulation runs we have tested we can offer a few quantitative hints
for the market conditions that can bring a price bubble:

1. Ceteris paribus, the lower the asset price the more chances we have for bubbles
(this is due to the relative buying power of chartist - lower prices can help
chartists acquire more stocks)
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2. Ceteris paribus, the less the number of tradable stocks the more the chances
of price bubbles (because chartist have fewer stocks to buy)

3. Ceteris paribus, the cheaper the money available for stock speculation the
more chances we have of a price bubble.

4. Ceteris paribus, the more chartist investors (or liquidity providers) are the
more chances we have for price bubbles (few chartist imply low liquidity and
few counterparties for trading at high prices).

Because a financial asset can also be underpriced we have sometimes observed a
"reverse" price bubble. In this case the asset can be underestimated and the price
can fall way below its fundamental value. We observe such behavior in Figure 6.32
where at the beginning, time between 20 and 50, the price falls below its economic
value and this mispricing persists.

The traded asset rests undervalued because the informed investors simply do
not have sufficient financial power to move the price to its correct level. We can, in
Figure 6.33 between t=20 and t=>50, observe that informed investors buy as many
undervalued assets as they can (since it can be bought at a discount).

Unfortunately these informed investors exhaust their cash reserves and the price
is afterwards controlled by the uninformed chartist investors. Although the behavior
of speculative investors is symmetric in both directions of market returns (chartists
will sell if they believe prices will go down as much as they will buy if they believe
prices will go up). Such "reverse bubbles" do not appear or are very limited
in their amplitude (the maximum distance between the fundamental value and the
market price). This is due to an asymmetry that arises from the ownership of the
majority of assets, during a price bubble. In a normal (rising) price bubble assets
move from informed investors (that sell the overpriced asset) towards the portfolios
of uninformed investors. After a sufficient rise in prices, the bulk of the tradable
assets are held by investors that have nothing to do with the fundamental value
(such asset transfer also happens in real-estate bubbles where speculators end up
owning most of the land and buildings). Therefore prices can continue to move
and rise (the only limit being the available cash of trading counterparties). During
the opposite phenomena, when market prices are forced down (and the asset is
underpriced) informed investors will buy more and more assets. Therefore, the
informed investors will eventually buy assets (at a discount) with all of their cash.
When the bulk of the assets is in the hands of the informed investors the only new
prices will be set by these informed investors - of course, at levels indicated by
fundamental values. In such moments the group of investors that holds most assets
is informed (in opposition to the situation where the bulk of the asset was held
in portfolios of uninformed investors). This asymmetry in stock ownership, when
undervalued informed investors step in and when overvalued informed investors step-
out, is why a reverse price bubble will be smaller in amplitude (than a normal price
bubble).
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Figure 6.32: Example simulation results in a market with 31% chartist (see table
6.17 for the market parameters)
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Figure 6.33: Average cash holding portfolio for each trader type inside the simulation
example from 6.32 - with parameters found in Table 6.17
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The extent and the duration of a price bubble depend on the total wealth of the
chartist traders (or the type(s) of traders that control the price during the bubble)
and on their aggressiveness (how much do they want to get as returns). If the
chartist traders expect higher returns, or more volatility returns then they will bid
up or down prices in a faster way, like in Figure 6.34.

We observe that the bubbles from Figure 6.34 exhibit prices that rise up to
17 times from their original level. The level of such a growth is limited by cash
of the chartist as well as by the total number of tradable assets. With sufficient
simulations a quantitative relationship can be found between the amplitude and
duration of bubbles and the micro-level market conditions.

In this chapter we have showed a simple market composition that can cause price
bubbles, namely using chartist traders and perfectly informed investors. It is im-
portant to underline that such bubbles can be generated by any type of uninformed
traders. Price bubbles can occur as long as such investors have positive future price
expectations and have enough financial resources to dominate and sustain trading
at high prices.

A possible critic to these results consists of the lack of short-selling possibilities.
Short-selling implies that informed investors could continue trading with "borrowed"
assets in an attempt to drive prices down to fundamental levels. This option implies
that investors are able to borrow money. Therefore it would be fair to say that even
chartist investors could borrow. Thus short-selling could decrease the possibility of
price bubbles only if chartist investors would not be able to borrow and continue
speculating. For this reason, of short-selling effect being eliminated by investor
credits, we decided not to allow such borrowing capacities. We believe that with or
without complete borrowing opportunities price bubbles can appear with the same
frequency. From a market quality point of view it is, of course, better to allow only
short-selling and block possibilities of buying stocks with credit.

6.5 Survival and evolution of agents

In this chapter we will answer the research questions #2, #3 and #6. The main issue
we investigate concerns the survival of different investor behaviors in the market.
According to financial theory, as discussed in detail in chapter 1.3, investors which
are not rational or not perfectly informed cannot survive in markets because they
will make mistakes and lose their money to better informed investors.

To establish which investor types will survive and which will not it is important
to clearly define how we will judge survivorship. In a market that exhibits price
bubbles, asset holders will show significant returns before the bubble is peaking
but would have almost zero returns (or negative) once the bubble bursts. If we
compare wealth returns between different investor types we will observe different
results before, during and after a price bubble. Moreover it is important to consider
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Figure 6.34: Example simulation with bubbles and crash from a simulation with
parameters like in Table 6.17, but changing puc = 8% and memory length of 2
(instead of pue = 7% and memory length of 3)

the openness of the observed market. In the case of our LUMA simulator the market
is consider to be closed since no new investors enter the market during a simulation
run. This is not the case for a real financial market where new investors arrive
constantly in the markets. In our tests we assume that if new investors enter the
market they do not change the initial proportions of investment strategies.

The research questions we want to answer (2, 3 and 6) all revolve around a cen-
tral point: do rational fundamental investors (that want to keep market prices close
to their fundamental values) eventually drive out of the markets all other types of
investors (irrational, speculators, etc)? Apparently, the proposal of economist Mil-
ton Friedman, in (Friedman, 1953), is still true for most researchers: "People who
argue that speculation is generally destabilizing seldom realize that this is largely
equivalent to saying that speculators lose money, since speculation can be destabi-
lizing in general only if speculators on the average sell when the currency is low in
price and buy when it is high ." The common understanding of this statement is
that speculators gain wealth by doing the exact opposite action: buying low and
selling high (where the fundamental value is the reference). Moreover, the general
assumption (as formalized by the efficient markets theory) is that investors that do
not speculate in such a way, meaning in trying to redirect market prices towards
fundamental values, will eventually loose money.

We contribute to this dialogue of ideas by saying that a non-fundamental specu-
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lative agent can, in opposition to having a loosing strategy (buying high and selling
low), manifest two other profitable strategies:

1. (classical) Buy low and sell high - a "stabilizing" strategy that provides returns
for the risk of market prices not returning fast to their fundamental levels.

2. Buy high and sell higher - price bubble profit
3. Sell low and buy lower - reverse price bubble profit

4. Combining 1), 2) and 3)

We will now show that strategies 2) and 3) can be profitable and investors
using such strategies can persist and flourish in financial markets, when the right
conditions are achieved. To clearly differentiate between these three abstract trading
strategies we have made a graphic visible in Figure 6.35.

Strategy 2) and 3) are in the trading arsenal of our chartist traders. Strategy 2)
can be characterized as a positive trend amplifier and strategy 3) as a negative trend
amplifier. We will now run a number of simulations inside our LUMA research tool
and we observe the evolution of agent wealth.

We first look at a market where all investors use strategy 1). Such investors
differ only by the level of their biases. We are interested to observe if these investors
make more money when they are less biased or not. Because we want to observe the
transfer of wealth between agents we will simulate assets without growth. In the
first test we compete perfectly informed investors against biased informed investors.

We run 50 simulations of test 10 a) (where biased investors dominate) and we
look at the evolution of the Sharpe ratio of the investment strategy of each invest-
ment type. Market prices are often moved above the fundamental level because
of the actions of biased investors (see Figure 6.36). Intuitively they should some-
times be moved under the market price (if the initial distribution of biases creates a
pessimistic population). This underpricing does not happen because, even if in mi-
nority, the perfectly informed investors can absorb more stocks at decreasing prices
- thus stopping the undervaluation. As we can observe in Figure 6.36 , biased in-
vestors dominate and the asset overpricing persists (trading is done between the
biased investors). Therefore perfectly informed investors sell their overpriced assets
and are driven out of the market and hold only cash (see Figure 6.37). Even if the
Sharpe ratios in Table 6.20 are similar (0%) this is because the growth of the asset
was 0%. The conclusion is that biased investors, when they persistently dominate
the market, will capture the growth of the asset (and perfectly informed investors
will exit the market).

We make the same simulations and introduce positive minimal expected return
(Tmin), for all investors, between 1% and 10%. All investors try to sell /buy the asset
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Strategy 1 Strategy 2 Strategy 3
Sell
Sell
Fundamental value Buy
Sell
Buy
Market price
Buy
No trend Upwards trend Downards trend
Pt~ Ft + eps creation creation

Figure 6.35: Presentation of abstract trading strategies

Test 10 a

(b)

Parameter | Value Explanation

13% 0.0% No daily growth in the fundamental
value

ov 1% 1% standard deviation

N 500 Number of trading days

Nr agents 500 30% (70%) GOD (perfectly in-
formed) investors 70% (30%) Biased
informed investors

ap [0.5,1.5] | Biased informed investors have a pa-
rameter of information amplification
randomly chosen for this interval

by [—1,1] Biased investors will, on average,
not skew their information

Wealth FEach investor start with 1000 in cash
and 10 stocks

Table 6.19: Simulation with rational investors, biased and not biased (which are
dominant)
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Figure 6.36: Market price movement - simulation parameters 10 a) in Table 6.19
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Figure 6.37: Average wealth evolution per investor type - simulation parameters 10
a) in Table 6.19
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with a premium/discount over their perceived correct value. This generates a dis-
crete price movement®, see Figure 6.38, since all investors wait for the fundamental
value to move sufficiently away from the market price. Relative to the previous test
a difference arises in the ownership of the stocks. Even if the asset is on average
overpriced the perfectly informed investors won’t be able to sell all of their stocks
because of the premium they demand is incompatible with the discount the biased
investors expect, see Figure 6.39. Therefore the perfectly informed investors will
hold some assets and also capture, in part, the returns of the underlying asset. If
the market overpricing would be more than the premium plus the discount expected
all stocks would be transferred to the biased investors.

In Table 6.20 we observe that investor haves similar Sharpe ratios. It is important
to underling that there are three distinct situations:

e without positive minimal expected return (7,,;,): Biased investors own most
stocks and capture the underlying asset’s growth

e with positive minimal expected return (r,,):

— If the overpricing is high enough biased investors will own most stocks

— If the market overpricing is not high enough perfectly informed investors
will hold some stocks (because they won’t be able to sell them)

Regardless of the situation (rpmi, > 0 or not) the biased investors, because they
dominate the market, are able to capture most of the stock’s returns. Even if they
are better informed the GOD investors are not able to take advantage of the biased
mvestors.

We look now at a market where perfectly informed (GOD) investors dominate.
We rerun 50 simulations for Test 10 b (where 70% of investors are perfectly informed)
and display the average Sharpe ratios in Table 6.21 below.

This market can be called efficient because the market price follows the fun-
damental value (with an error with 0 mean). In the Table 6.21 we can observe
the average distance to the fundamental value and in this case, of null minimal ex-
pected returns, is very close to 0. This efficiency is assured by the massive presence
of perfectly informed investors which have null minimal expected returns (7,;,=0).
Because transactions between all investors take place at the newly formed market
price than all the investors take advantage of the fundamentally correct market
price, even if some investors have biased beliefs. We see in the table above that
the investor’s Sharpe ratio’s are not statistically significant different than 0. This
implies that transfer of wealth between the two types of investors is not happening
(or it is at an extremely slow pace). If we run the same simulation and introduce a

9By discrete price movement we mean a price series with periods of zero change in prices (due
to lack of transactions).



6.5. Survival and evolution of agents 153

U
|

E—— Fundamental Value
E— Market Price

Prices
14 " 0 2
| | | |

12
|

o 100 200 300 400 500

Time

Figure 6.38: Market price movement in a market where all investors have positive
minimal required returns - simulation parameters 10 a) in Table 6.19 and 7, > 0
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Figure 6.39: Evolution of ownership of stocks - simulation parameters 10 a) in Table
6.19 and all investors have positive minimal required returns, 7., > 0
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Summary statistics for 50 | rpin = 0% T-Stat Trnin in | T-Stat
simulations for Test 10 a) (0,10]%

Mean Sharpe ratio S; for | 0 -0,11574451 | -0,76585911
perfectly informed investor

s

Mean Sharpe ratio Sy for | -0,16078453 | -1,37661581 | -0,08714432 | -0,99584931
biased investors

Mean Sharpe ratio S, for | -0,1611071 -1,38096891 | -0,09406803 | -0,8224964
buy & hold investors

Average distance between | -0,52117657 | 73,3530412 | -0,27527378 | 15,3321041
fundamental and market

price

Table 6.20: Sharpe ratios for test 10 a) (biased investors dominated) when investors

are and investors have 7, = 0%

Summary statistics for | vy, =0% T-Stat Tonin in | T-Stat

100 simulations for Test (0,10]%

10 b)

Mean Sharpe ratio S; for | -0,00328227 | -0,02680143 | -0,12056442 | -0,96329246
perfectly informed in-

vestor s

Mean Sharpe ratio S, | 0,04915127 0,44385786 -0,12136926 | -0,96914497
for biased investors

Mean Sharpe ratio Sy | 0,04862858 0,60990783 -0,11918663 | -0,95289965
for buy & hold investors

Average distance be- | -0,00214254 | -2,24004638 | -0,20050505 | -10,1108777
tween fundamental and

market price!%?

Table 6.21: Summary statistics for test 10 b) - perfectly informed investors dominate




6.5. Survival and evolution of agents 155

positive minimal expected return, the perfectly informed investors act in the mar-
ket only when prices stray away from fundamentals above the risk premium level
they expect. Because the biased investors also expect a minimal return very few
trading takes places between the two investor classes and the market prices will rest
biased. Like in the test 6a (with 7, > 0) biased investors, even if they are in a
minority, control market prices and continue trading because of their heterogeneity.
This fact is proved by the significantly negative mean average distance between the
fundamental and the market price (value of -0.2 in the Table 6.21).

Research question 7#2: Can a biased investor(s) survive in a financial mar-
ket?

Answer: Yes.If the market prices are persistently upward biased then better in-
formed investors will sell the overpriced asset. If their selling action is useless, and
prices remain biased, then control of market prices will be maintained by biased in-
vestors. These investors will continue trading, at biased prices, and consequently
capture the returns of the fundamental value. If well informed investors have suf-
ficient resources they can maintain prices al fundamental levels. This good markel
pricing benefits everybody, even biased informed investors. Therefore, the transfer
of wealth from biased to non-biased investors does not happen or it happens very
slowly. Biased investors can therefore survive in markets. Moreover, if we consider
that the cost of biased information is less then that of perfect information, we say
that better informed investors will loose more than the biased informed investors.

A market dominated by informed investors can be called ’efficient’, by the defini-
tion of (Fama, 1970). Looking again at this financial market we draw the attention to
a particular aspect: a market dominated by perfectly informed rational investors is
efficient. The efficiency of this market benefits not only the aforementioned investors
but it also serves the investors which have biases (because of personal fallacies or
of their unwillingness to pay the price for the correct information). We can then
ask a simple question: Why would perfectly informed rational investors (GOD) be
willing to pay a price for their perfect information when they do not obtain supe-
rior gains than investors with less information? It is interesting to point out that
such an intuition was exposed 32 years ago by (Grossman and Stiglitz, 1980) and re-
mained known in the financial literature as the paradozx of impossible informationally
efficient markets.

Therefore we can consider that, in an efficient market, perfectly informed in-
vestors can make a rational decision and decide to stop paying the cost of perfect
information and still have the same returns. When the majority of investors takes
this decision, the market is transformed and it starts being ’less’ efficient.

What would happen in a market where non-fundamental based strategies domi-
nate prices? We simulate in Test 11 such a market where chartist traders dominate.
The parameters of this test are found in Table 6.22.

In this type of market, prices depart frequently and consistently from their fun-
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Test 11

Parameter | Value Explanation

j00% 0% No growth in the fundamental value

oy 1% 1% standard deviation

N 500 Number of trading days

Nr agents 500 15% GOD (perfectly informed) investors
15% Biased informed investors 70%
Chartist investors

J1%e; 2% Profit expectations of chartist investors

oc 8%

ap [0,5;1.5] Biases of informed investors (exaggeration
of information but no skewed bias)

b, [—1;1]

Table 6.22: Test 11 - Simulation of a market dominated by chartist traders and with
perfectly informed traders

damental values. This is due to the trend speculation action of the chartist traders.
We observe an example simulation in Figure 6.40 with the evolution of prices and
of the average wealth of each investor type. The wealth of chartist investors fluc-
tuates heavily because of the trends they create. In Figure 6.43 we see that during
the periods when the market price bubbles, the majority of the stocks are held by
chartist investors. Most importantly, when prices fall back down most stocks are
bought again by biased informed investors. This happens because biased investors
accept to buy the stock at a premium from the fundamental value. In conclusion,
trading happens in a few steps: a) when prices are very close to fundamentals every-
body trades, b) when prices move away from fundamentals only biased and chartist
investors trade, ¢) when prices start to bubble chartists hold all stocks and trade d)
when prices fall the first to buy stocks from the chartists are the biased informed
investors (and next are the perfectly informed investors).

Because biased investors are able to trade most often, and especially with the
chartist investors, they manage to speculate and capture the wealth of chartist
traders. In Table 6.23 we show the summary of Sharpe ratios for all the simulation
runs of Test 11.

Both the perfectly informed and the biased informed agents manage to make
more than the buy & hold returns, at the expense of the chartist trades. But the
biased investors manage to earn on average the highest risk-adjusted returns.

Research Question #8 Can biased investors earn more than non-biased in-
vestors? If yes, in what conditions?

Answer: In a financial markel the price can be moved up and away from
their fundamental values when investors with biased information (or without any
information) have more financial power than the well informed investors. In such
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Figure 6.40: Market and fundamental value - test 11 simulation parameters in Table
6.22
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Figure 6.41: Average wealth per investor type - test 11 simulation parameters in
Table 6.22



158 Chapter 6. Answering the research questions

Informed
SOD

;r LN Wﬂuﬂﬁuﬂuw

1200
|

Average cash
1000
|
Y

800
|

600
|

o 100 200 300 400 500

Time

Figure 6.42: Average cash holdings per investor type - test 11 simulation parameters
in Table 6.22
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Figure 6.43: Average size of stock portfolio per investor group - test 11 simulation
parameters in Table 6.22
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Summary statistics for | Sharpe Ra- | T-Stat
100 simulations for Test | tio
11
Mean Sharpe ratio S; | 0,470085 6,219227
for perfectly informed in-

vestor s
Mean Sharpe ratio S, | 1,77264953 | 30,7699281
for biased investors
Mean Sharpe ratio S. for | 0,13588381 | 3,1067333
chartist investors
Mean Sharpe ratio S, for | 0,14916993 | 4,89394981
buy & hold investors

Table 6.23: Summary statistics for multiple runs of Test 11

situations well informed investors can try to speculate the mispricing bul it can
happen that they do not have enough resources to re-establish correct prices. If
mformed investors decide to go against a biased market they will take too much
or too less risk and can make suboptimal risk-adjusted performances - as long as
market prices do not revert to their fundamental values in a realistic time frame(or
at least not before the investment horizon of well-informed investors). Under such
circumstances the biased investors can survive and earn more than the perfectly
imformed investors. Moreover, from a pure competition point of view, in a market
with biased prices (where well informed traders stop trading) the biased informed
investors are left alone to compete and capture the wealth of non-informed investors
like noise or chartist traders. Therefore, when a market strays persistently from
efficiency, rational well-informed investors can be motivated NOT to engage against
the market thus providing more condilions for market mispricing. In a different
language: it does not always pay (enough) to speculate in favour of the objective fundamental value.

Such observations contradict the old adage saying that, in the long-term, "specu-
lators" (meaning biased or not-informed) investors will be driven out of the markets
by more ’rational” and better informed investors. This idea was commonly defended
with the assumption that more "smart" money will be attracted to such a non-
efficient market in order to seize the profit opportunities. Unfortunately the reverse
of such an argument is possible too: more biased or not-informed investors can also
be attracted to a market that is not dominated by ’correct’ information and where
profit opportunities can exist without the need to buy information.

It is our belief that the investors which make the biggest returns are those able
to take over, as a group, the formation of price and maintain this dominance for
sufficiently long periods (regardless of the strategy of common value reference they
share). In other words the winning (and hence surviving) investors are those that
dominate price formation for sufficient enough periods and not those investors that
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try to establish correct ’'prices’ (based on economic fundamentals). Therefore, an
investor that knows when to switch strategies (and always be in the dominant group)
can make superior gains than investors thal always stick to one fundamentals-based
or pure speculative strateqy. The implications of such mized pure-profit strategies
can sometimes be destructive (huge price crashes, bankruptcy, etc.) but such effects
are not factored in the expected returns calculations of investors.

From these results we arrived, in a rigorous manner, at a conclusion that can
also be extrapolated from some remarks of well known market investors like:

1. "It’s not whether you’re right or wrong that’s important, but how much money
you make when you’re right and how much you lose when you’re wrong."
George Soros

2. "Markets can remain irrational a lot longer than you and I can remain solvent."
John Maynard Keynes

We can now ask why well informed investors do the following actions:

1. Buy (sell) undervalued (overvalued) stocks when the price bias can persist long
enough for their transaction not to become profitable (during their horizon of
investment)

2. Continue to pay a price for better information when they cannot make a better
risk-adjusted performance than the investors with less information (here the
biased investors).

From these observations we naturally infer that it may be more profitable for
well-informed investors to adopt a bivalent or mixed strategy:

1. Go with the market when the prices are biased in order to profit directly out of
such mispricing (buy when prices increase and sell when they decrease, relative
to the fundamental value). This implies a chartist strategy

2. When the mispricing passes over a certain threshold (when the risk of a sig-
nificant price reversal is too great or the expected return is high enough) the
investor changes strategy towards a fundamental well-informed strategy (and
tries to profit of the mispricing by reverting the market price towards its fun-
damental value).

To see if this type of mixed chartist-fundamental strategy can survive (and make
extra profits) we construct a new type of investor. Because this investor is able to
revert the market price back to its fundamental value yet he still goes with the
trend (adopts a chartist strategy up to a certain threshold) we will call him SITH .
A SITH investor combines the strategy of a chartist and a perfectly informed
investor. The parameters that govern the behavior of a SITH investor are:
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a) Chartist strategy: puc,0c and memory length parameter L that govern the
price expectations and the formation of speculative buying and selling rules (see on
page 97 for complete description of a chartist strategy)

b) Threshold x%, x = abs(%ﬁ'{t)) representing maximum pricing distance,
between the agent’s expected fundamental value (conditional on the investor’s infor-
mation) and market value, above which the SITH changes strategy from a chartist

to an informed strategy.

If an asset is fairly well priced, meaning the price distance to the fundamental
value is less than x%, the SITH will try to ride trends - adopting a chartist strategy.
When high enough trends develop, the distance to the fundamental value is more
than x%, the SITH investor will switch to a fundamental informed strategy. We
simulate a market with biased informed, perfectly informed and SITH investors.

We run a few simulations with the parameters of Test 12 and observe the same
evolution of prices as in Test 10 a) (which was made with the same parameters
except for the presence of SITH investors).

As we can see in Figure 6.44 and 6.45 trading is plentiful and the asset is still
overpriced (because of the skewed optimist bias of informed investors).

Because biased investors manage to persistently overprice the asset the perfectly
informed investors are not able to adjust prices and end up holding only cash (see
Figure 6.47). Trading continues between SITH and biased investors. The SITH in-
vestors speculate any trends that exist in market prices (which are a biased version
of the fundamental value). They are able to profit off of these trends because the
biased investors are always counterparties for the trend-following trades. Because
SITH investor also have the perfect information they avoid creating big price bub-
bles. Moreover, if the biased investors push the prices to high the SITH investors
will speculate and sell the overpriced assets (which they buy again at lower prices).

The average distance between the fundamental and market price is negative. As
we can see in Table 6.25, this implies that the market consistently overprices the
asset. The summary of Sharpe ratios show us that perfectly informed investor hold
only cash (because they sell when the asset is overprived). The SITH investor are
able to make returns above the buy and hold level at the expense of biased investors.

It is even more interesting to regard the behavior of SITH investors in a market
dominated by chartist investors, where considerable price bubbles appear. We run
simulations with the parameters, in the Table 6.26, that form a market with 70%
chartist traders and 10% of each other trader type.

A market as described by the parameters from Table 6.26 is dominated by
chartist investors and thus has a propensity for the formation of bubbles. We run
simulations with these parameters and discover a recurring type of result: bubbles
are formed often and occasionally the market price returns to its fundamental level
(see Figure 6.48).
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Test 12

Parameter | Value Explanation

13% 0.01% Very small daily growth in the fundamental value

ov 1% 1% standard deviation

N 500 Number of trading days

Nr agents 500 10% GOD (perfectly informed) investors 10% SITH investors
80% Biased informed investors

ap [0.8, 2] Biased informed investors have a parameter of information
amplification randomly chosen for this interval

bp [—1,1] Biased investors will, on average, not skew their information

e 2% Profit expectations of SITH investors when they emulate a
chartist strategy

oc 8%

X [30%, 60%]| SITH investors will change from a chartist to informed in-
vestor strategy when the market price is above/below the
fundamental value with x% (the exact threshold for each
investor is drawn uniformly from this interval)

Table 6.24: Test 12 - Simulation with rational investors, biased (dominant), not
biased perfectly informed investors (GOD) and also with SITH investors.

\olume
1000 1500 2000 2500 3000 3500

50

1 28 59 Q20 125 165 205 245 285 325 365 405 445 485

Time

Figure 6.44: Trading volume - test 12 simulation parameters in Table 6.22
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Figure 6.45: Difference between fundamental and market value - test 12 simulation
parameters in Table 6.22
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Figure 6.46: Average wealth per investor type - test 12 simulation parameters in
Table 6.22
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Table 6.25: Summary statistics for Test 12 with dominating biased investors

T
300

Time

T
400

Summary statistics for 50 | Sharpe Ra- | T-stat
simulations with biased | tio

investors

Mean Sharpe ratio S; | 0

for perfectly informed in-

vestor

Mean Sharpe ratio S, for | 0,13051136 | 2,1095634
biased investor

Mean Sharpe ratio S, for | 0,39361916 | 6,46804634
SITH investor s

Mean Sharpe ratio for a | 0,204812 3,3465827
buy & hold strategy

Average distance between | -0,50562706 | -216,207024

fundamental and market
price

T
500
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Test 13

Parameter | Value Explanation

J13% 0.01% Very small daily growth in the fundamental value

ov 1% 1% standard deviation

N 500 Number of trading days

Nr agents 500 10% GOD (perfectly informed) investors 10% SITH investors
10% Biased informed investors 70% Chartist investors

ap [0.8,2] Biased informed investors have a parameter of information
amplification randomly chosen for this interval

bp [—1,1] Biased investors will, on average, not skew their information

ue (SITH) | 2% Profit expectations of SITH investors when they emulate a
chartist strategy

oc (SITH) | 8%

X [30%, 60%]| SITH investors will change from a chartist to informed in-
vestor strategy when the market price is above/below the
fundamental value with x% (the exact threshold for each
investor is drawn uniformly from this interval)

e 2% Profit expectations of chartist investors

(chartist)

oc 8%

(chartist)

Table 6.26: Test 13 - simulation with rational investors, biased, not biased per-
fectly informed investors (GOD or Yoda investors), SITH investors and a dominant
proportion of chartist investors
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We observe the order of the best performing investor type: SITHs are better
than biased informed investors which are better than perfectly informed investors.
The investors that get to loose are of course those that do not coordinate on a value,
the chartists. By decreasing the percentage of chartist traders or by skewing the bias
of the informed traders we can have markets with more activity and less frequent
price bubbles. The results we describe next, for the most parts, rest unchanged.

As expected from the composition of the market we observe in Figures 6.48 and
6.50 above that the market price departs frequently from the fundamental value.
The mass of chartist traders manage to control prices, and consequently volatility,
and shift them from their fundamental references.

From the evolution of average stock portfolio, in Figure 6.52, we observe that
during periods of bubbles most stocks are held by chartist investors. Once a price
bubble starts informed investors start letting go of the overpriced stocks in the fol-
lowing order: first perfectly informed investors, next the biased investors (especially
those that overestimate the fundamental value) and last the SITH investors (de-
pending on their x% strategy threshold limit). Actually, in the build-up phase of a
bubble the SITH investors imitate chartists and act as catalyst and even amplifiers
of price. Once the SITH investors reach their maximum risk limit (their 7., is
between 30% to 60%) they sell their stocks to chartists and cash in the profit (see
Figure 6.51). Because the selling action of biased and perfectly informed investors
are not able to stop the bubbles the SITH’s strategy is profitable. A SITH manages
to ride, up to a risk limit, the bubbles generated (or maintained) by the chartist in-
vestors. Therefore SITH investors they manage to capture wealth from the chartist
investors at a higher rate than the biased investors. These results are robust, as we
can see in Table 6.27.

Research questions #5: Research Question #5: Can Yoda beat Sith? How
can live longer, Yoda or Sith?

Answer: Yes, SITH investors (informed rational players that can act also as
uninformed) can beat YODA investors (informed players that act only to speculate
on miaspricings relative to fundamental values - like perfectly informed or biased
informed investors) when market prices are persistently biased (or rest biased for
sufficiently long periods). When mispricing happens, informed investors either take
too much or to few assels and loose the opportunities available for "going" with
the trend. Standard quantitative tests that reject the hypothesis that non-informed
investors (like chartists or SITHs) can survive in markets ignore the possibility that
some investors, like our SITH type, can know the model of the fundamental value (or
at least know if market prices don’t reflect fundamental values) and choose to act as
a non-informed (speculate trends) only in special moments (when market mispricing
exists but is not high enough to imply high risks).

In the previous chapter, we have seen that persistently biased market prices are
possible for long periods, even with simple market conditions. The answer to this
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Figure 6.52: Evolution of average stock portfolio for each investor type - test 13
simulation parameters in Table 6.26

Summary statistics for 50 | Sharpe Ra- | Tstat
simulations with biased | tio
investors

Mean Sharpe ratio S; | 0,97673179 | 10,231286

for perfectly informed in-

vestor
Mean Sharpe ratio S, for | 1,97200353 | 27,2560436
biased investor
Mean Sharpe ratio S, | 3,12170565 | 53,1889911
for SITH investor
Mean Sharpe ratio S; for | 0,10076797 | 5,48089118
a chartist investor
Mean Sharpe ratio for a | 0,12966009 | 7,5581478
buy & hold investor

Table 6.27: Summary statistics for Test 13 simulations
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last research question gives proof that informed investors can be better off if they
choose to, sometimes, ignore their economic information and 'ride’ market trends.
We conclude by saying that informed investors have many incentives to:

1. Use their economic information to speculate local mispricings - only when
the mass of non-informed (or badly informed) investors cannot dominate prices
for sustained periods of time. This strategy is profitable in a (close-to) efficient
market.

2. Ignore economic information and make profits with the trends, up to a certain
accepted risk level (translated in a distance from "actual" fundamental levels)
when non-informed or badly informed investors manage to dominate prices for
long periods. This strategy is profitable in a far-from-efficiency market.

Such mixed investment strategy, purely motivated by profits, can transform financial
markets in beauty contests: investors try to predict the predictions of others (irrel-
evant of basic economic facts). This emerging "non-efficient" behavior of markets
can be stopped (or be amplified) because of multiple factors:

1. sufficient new well informed (or non-informed) investors are attracted by the
market

2. non-informed (informed) investors see their profits diminish and decide to quit
the market

A concept from modern finance research called 'majority game’ can better model this
situation of inefficient-efficient market. The concept of 'majority game’ describes a
situation where players have to make a choice between two options and the winners
are those players that make the majority choice. In the case of a financial market,
viewed as a game, there are two optimal choices for investors:

a) All choose to buy information and act on it (we have an efficient market where
all investors make the market return)

b) Everybody ignores the information and they play a beauty contest (we have
an inefficient market). Risk is higher but so are promises of return.

We believe that real financial market moves from an efficient to a non-efficient
state. In an efficient market, information is abundant, and investors have incentives
to not buy it anymore. When more and more investors start trading, without
information, prices can move persistently away from their fundamental levels.

In that case informed investors are better off speculating these trends using
non-fundamental based methods (like SITH investors). When enough investors use
non-informed based strategies prices are more and more volatile and the market can
develop bubbles. Information start again to be valuable and when a sufficient mass
of investors start using it they can capture wealth from pure speculative traders.
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Market's level of efficiency

y

Efficient market P, = F+ e,

Inneficient market P, = g,

Figure 6.53: Theoretical transition of market from efficiency to inefficiency

The market can reach an efficient state and the cycle starts all over again. Therefore
we propose a new definition relating the concept of efficiency with financial markets:

Sometimes efficient markets theorem: Financial markets are "sometimes
efficient”. Markets exhibil a cyclical behavior: from an efficient stale to an inef-
ficient state. Most of the time market participants try to discover and adopt the
dominant investment strategy: information or non-information based. Depending
on the relative proportion of investment strategies the market will be move towards
an efficient or an inefficient state.

Corrolary: Financial markets can be considered to be efficient at a strategy level.
We define a strategy-strong efficient market as a market where above-market
risk-adjusted returns cannot be achieved provided all investment strategy typologies’
are known. The strategy-level efficiency of a market implies that no new investement
strateqy can win superior returns. This does not implies that the market is also
informationally eficient. A market can be informationally inefficient but no strategy
can be used to profit off of the market inneficiencies.

The dynamics of the transit between these two instable market states is complex
and this complexity can be captured, in part, using simulation technology like our
LUMA tool. The existence of these two market states (with different volatility
regimes) can also account the market stylized facts.

"we refer to knowing the distribution of strategies and not necessarily which strategy (with
specific parameters) is used by which investor.
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In the next chapter we present a stylized game that shows, in a simple manner,
how agents, faced with decisions under risk, can and should switch from objective
fundamental based strategy towards mixed strategies that take into account the

behavior of other participants.
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Abstract: We present a toy model of a financial market. Hungry sharks repre-
sent investors and rewards for eating or not meat represent return on investments.
Sharks adapt and learn what are the best actions using a human learning method,
reinforcement-learning. Different payoff distributions can lead shark to find optimal
strategies. We investigate the cases where equilibrium exists but it cannot be reached.
We postulate that sharks, even without knowing, can engage in second-order dynam-
ics. Their behavior mimics that of investors who, in their search for more profit,
can ignore economic information and engage in "beauty contests” thus rendering
markets inefficient. We manage to replicate this behavior with model-free learning
and without any endogenous incentives.

7.1 Introduction

Recent financial events, and their economic implications, have prompted a great
number of actions starting from loss sharing to new policies for better governance
of financial markets. From an abstract perspective, we say that, in the last decade,
financial markets have either grossly mispriced asset risk (CDO risk mispricing as
described in (Hamerle et al., 2009)) or they have badly priced asset future cash-flows
and prices (as during the IT bubble (Morris and Alam, 2012)). Reasons for these
mispricings are numerous and academics tend to revolve around the overwhelming
evidence from behavioral sciences,see (Kahneman et al., 1981) or (Charness and
Levin, 2003), namely that humans are boundedly rational.

In this context we propose a simple game®, that mimics boundedly rational

'This is an extended version of an article, with the same title, presented at the International
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investors faced with decisions under risk. We will test if and when a rational expected
equilibrium emerges. Besides its theoretical implications, our model is useful as a
didactic and research tool for decisions under risk.

We investigate the emergence of equilibrium in a idealized world where investors
are replaced by sharks and assets are replaced by meat. Sharks are hungry and they
find a chunk of meat. All of the sharks are eager to eat but, using their excellent
sense of smell, they detect that the meat has a toxic piece that could hurt or even
kill them. The sharks know that a toxic piece is present but they do not know
where that piece is. Therefore, sharks are faced with a risky decision: do not eat
(and starve) or eat. If a shark decides to eat he has also to consider how many
bites to take and for how long, so he can eat a maximum amount of meat and avoid
the toxic part. In this setting, we investigate if reinforcement-learning sharks can
manage to discover an equilibrium solution where a maximum number of pieces of
meat are eaten and the toxic piece is avoided.

Toy models of financial markets have been created and used to observe the
survival of boundedly rational agents in an competitive environment. One of the
earlist models was the "El Farol bar problem" (Arthur, 1991). The citizens of El
Farol like to visit the local bar. But if the bar is too crowded (more than 60%
attendance) everyone has a bad experience. Each week, agents (who model El
Farol’s inhabitants) try to forecast what the majority will do. If an agent forecasts
that the majority will go/not go the bar then he will adopt the opposite choice.
Using mixed-strategies, the agents manage to converge the mean attendance of the
bar to its maximum capacity. Yet the attendance level is always fluctuating around
this mean and the agent strategies are always changing.

In (Challet et al., 2001) the authors coin this type of toy-model as a 'minority
game’. As the name implies the best strategy is to choose the option that the
minority chooses. All the gains of the minority agents are split equally. Under
rational expectations such a game has no equilibrium and is a negative-sum game.
Because of these features the goal of capturing financial market dynamics was not
achieved.

This model of financial markets has evolved in a more realistic representation
called a grand canonical minority game ((Galla et al., 2006) makes an excellent
review). In this context, agents can choose, at any moment in time, not to make
a choice (thus approaching more to the behavior of an investor that does not enter
a market). This option generates fluctuations in the volume of the agents’ actions
(like trading volume) which in turn leads to statistical proprieties similar to stylized
facts (?). Further research proposed models where agents had wealth that evolved
in time. This ability created a weight effect where a agent’s decision influenced the
aggregate outcome as a function of his capital.

In (D.Sornette and Andersen, 2003) the authors propose ’the dollar game’, a

Conference "Artificial Economics" 2012.
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toy-model with features close to those of financial markets. The proposed proposed
payoff function forces players to learn and adapt to two-period-ahead strategies.
Agents can choose to be in a minority (when they sell in anticipation of a price
reversal) or in a majority (when they buy because they expect everybody else will
buy). This framework allows for richer learning opportunities and generates dynam-
ics that better reproduce those of real financial markets.

Minority-type games have also their disadvantages. The assumption of pure
speculative markets makes superfluous the existence of exogenous information. This
features imply that there is no equilibrium state because agents try, by design, to
outforecast each other. The lack of an exogenous objective (like a fundamental value
where the market should converge) does not allow for a measure of correctness or
rationality. As the authors of (Challet et al., 2001) mention ’A rational approach
is helpless’. Even if financial markets sometimes exhibit pure speculative behavior
(meaning that market prices are disconnected from their fundamental values) it is
not productive to create and work with models of financial markets where pure
speculation is embedded by design.

The ’Shark Game’ we propose adds to the existing academic literature by propos-
ing a model that avoids the problems mentioned before. In our model a rational
expectations equilibrium exists. Such an equilibrium implies two conditions: the
aggregated outcome (like price) converges to the rationally expected solution (when
price reflects only the fundamental value) and this state is also a Nash equilibrium
(Nash, Jr., 1950) (no agent can benefit more by changing his strategy). Yet, real
financial markets do not provide investors with the two necessary ingredients for
achieving equilibrium: perfect information and a complete description of the un-
derlying asset model. In our model, sharks encounter similar conditions as real
investors: lack of complete information and lack of knowledge about the game’s
model. We observe how and when do the modeled sharks, using reinforcement-
learning, arrive at an equilibrium. The simplicity of the game and its intuitive
nature allows our model to be used in different contexts and problems (like different
markets types or cooperation models).

7.2 The model

Consider a small sea golf where N sharks search for food. They discover a good
piece of meat that unfortunately has a toxic part. The meat has M portions and a
shark can eat a portion at a time. Sharks cannot distinguish the pieces of meat and
therefore are not able to detect, in advance, which portion is toxic. For simplicity,
consider the piece of meat as linear and that sharks can eat portions of meat starting
from the first one.

A shark’s goal is to accumulate the most points possible. A shark can receive A
points for eating a good piece of meat. If a shark decides not to eat a piece of meat
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Piecesofmeat|1 ‘2 ‘3 ’4 ‘5 ‘6 |

Figure 7.1: Sharks and a piece of meat with 6 portions (where portion 4 is toxic)

he will get B points. However, if a shark eats the poisonous portion he will receive
7 points. If more than one shark decide to eat the same portion of meat then it
is not simple to decide how to split the reward. Therefore, for each new portion of
meat available, sharks will be asked randomly for their decisions. If a shark, when
asked, decides to eat then he receives the reward for eating (A or Z) and a new
round begins with the remaining portions of meat. However, if a questioned shark
decides not to eat, he will receive B points and another shark will be asked for his
decision until either all sharks decide not to eat or at least one eats.

To understand better how the game develops we explain a scenario using the
example from Figure 7.1:

1. Round 1: Shark 3 is sampled. He decides not to eat. Shark 2 is sampled and
he decides to eat. The round is finished.

2. Round 2: Shark 1 is sampled. He decides eat. The round is finished

3. Round 3: Shark 4 is sampled. He decides not eat. Shark 1 is sampled and he
eats. The round is finished

4. Round 3: Shark 2 is sampled. He decides to eat. The round is finished.
Because the toxic piece has been eaten the game ends.

Following the payoff history in Table 7.1, we observe that in Round 1 only the
3rd shark is awarded the B reward (for not eating). Shark 1 and 4 do not receive any
points because they did not get a chance (shark 2 was picked and decided to eat).
This payoff scheme resembles that of investors who do not trade very often or are
not able to trade due to market liquidity. A game stops, as it did in Round 4, when
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Table 7.1: Shark reward structure for every round

Rewards | Shark 1 | Shark 2 | Shark 3 | Shark 4
Round 1 0 A B 0
Round 2 A A B 0
Round 3 A+A A B B
Round 4 | A+A A+7 B B

the toxic part is eaten (since afterwards points are, on average, distributed equally)
or when all the sharks decide not to eat. If a game reaches a round where nobody
eats anymore then all sharks receive payoff B and the game ends. When a game ends
the sharks receive their payoffs. These payoffs accumulate during multiple games.

We have designed and build a computer simulated environment where programs
simulate the decisions of sharks. Sharks, like investors do, use simple thumb-rules
to make their decisions. Each shark k has an array of rules, each formed by two
parameters Ruleg(H,S). H represents the maximum number of portions of meat
the shark can eat. S represents the maximum number of pieces of meat available
when the shark should stop eating. During a game, a shark’s only information is
the number of portions of meat left to eat. A shark using Rule(3,2) implies he will
eat a maximum of 3 portions of meat and will stop eating when there are at most
2 pieces of meat still available.

A simulation lasts for K number of games (usually K > 100). At the begin-
ning of each simulation all sharks start with all the (M + 1) possible rules: from
(0,0),(0,1) to (M,M)2. The sharks assign probabilities to each rule. At the start of
each simulation, all sharks’ rules have the same probability

1
P(Rul =——. 7.1
(Rulew.9)) = 7 (1)
After each game sharks receive their payoffs and update the probability of their
rules. For example, shark k has used Ruleg(3,2) and received a payoff of Gj. The
shark will add the payoff Gi to the rule probability and normalize the probabilities
of all of his rules.

P(Ruleg(3,2)) = P(Rule(3,2)) + Gi (7.2)
§ =) P(Ruleg(x,y)),Vr.y (73)

P(Ruleg(z,y))

P(Ruleg(z,y)) = 5

NV, y (7.4)

At the start of a new game all sharks choose a rule that they use. This rule
is randomly drawn using the shark’s distribution of rule probabilities. The more

2M is the total number of portions of meat available in each game
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payoff a rule wins the more the probability of the rule will increase and the conse-
quently the more often the shark will use that rule. Because probabilities cannot
be 1 or 0 all the rules are taken into consideration. Therefore, using this type of
reinforcement-learning, sharks are able to adapt to extreme situation (like sudden
changes in the payoff structures). When making a decision, a shark has a single piece
of information: the number of pieces of meat left. The sharks, like investors, do not
even know the model of the game. What they observe is the result of their actions
at the end of the game. It is worth stressing that sharks cannot distinguish between
toxic and toxic-parts. For all they know, the meat could have more than one piece
of toxic meat or the rewards could change every game (or even every round). Sharks
can only observe the outcome of their actions (through the end-of-game score G).
The method of learning they use is reinforcement-learning, and it is model-free. The
goal of this work is to see if competition for more profit, like it real financial markets,
drives out inferior strategies and makes the best us out of the available resources
(all good meat is eaten).

The intuitive solution to our model is to compute the expected value of eating
the next portion of meat. This expected value E of eating, calculated if a shark
has the chance to choose to eat, uses the payoff structure (A good meat, Z toxic
meat and B for not eating) and the number (L) of remaining portions of meat. E is
computed as the sum of expected value of eating the toxic piece and the expected
value of eating a good portion less the payoff for not eating.

(L—1)*A)

Z
E=Z2
L L

y (7.5)

If the expected value of eating * (E) is positive then the shark should eat the
current portion of meat, otherwise he should choose no to eat. The E value can be
computed only if we know the payoff structure (A,B,Z). As in real financial markets,
these payoffs are unknown to sharks. A point can be made that the payoff structure
(the model) can be learned with a Bayesian-type method (Payzan-LeNestour, 2012).
Such an approach would be fast but it would require a formal description of the
model. When the game model changes (e.g. financial innovation) the sharks have
to learn a new description and cannot adapt by themselves.

We choose reinforcement-learning because it mimics better the conditions of real
financial markets. Investors know the outcome of their actions (returns) and also
know their investment horizons (the portions of meat left). Moreover, investors
know that an asset can turn out to be inflated and can loose value fast. Therefore
the payofl Z for the toxic meat can equate to a risk premium investors place on
risky asset. Now we will see if, after sufficient repetitions, sharks are able to reach
an equilibrium (eating the most meat without the toxic part).

3In this case we assume that there is only a single piece of toxic meat. Generalisation is possible
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7.3 Results

In our first tests we use simple payoff structures with clear equilibrium solutions
and best strategies. Every simulation is preceded by a table, like the one below,
containing the parameters of the test.

This first test sets the last portion of meat as the toxic one. Therefore there is
an obvious solution that all sharks should adopt: eat the maximum portions of meat
possible and stop eating if there is one piece left. The optimal rule, that sharks are
best off choosing, is rule (3,1). In this case, the majority choice is the best and it
assures a Nash equilibrium which coincides with all resources being used.

Using our computer-based simulator we run this scenario and observe the be-
havior of sharks. As depicted in Figure 7.2, during the first few hundred rounds,
sharks do not avoid the toxic part (emphasized as the red line). Because the payoff
of the toxic part is -10 the average cumulative payoff of sharks decreases. Every
time a sharks bites the toxic part he penalizes the corresponding rule he used. As
described in Figure 7.3, after some time the cumulative payoff of sharks rises and
continues to rise.

Average shark wealth

Amount eaten out of 4 pieces

0 200 400 600 800 1000
Round

150

100

50

0 200 400 600 800 1000
Round

Figure 7.3: Test 1. The average sharks’
Figure 7.2: Test 1. Portions of meat eaten  cumulative payoff

Eventually all sharks arrive at a distribution of probabilities where the prob-
ability of rule (3,1) approaches exponentially to 1 (and the all other probabilities
approach zero). We point out that sharks learn to avoid rules that make them eat

Table 7.2: Test 1. Context and payoff structure

Nr. sharks | Nr. of meat portions | Position of toxic piece | Payoff A | B | Z
10 4 4 1 0 |-10
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the toxic part, like Rule(V,0). Moreover they also discard suboptimal rules, like
(1,V) or (2,V), that even though make them avoid the toxic part are limiting their
possibilities of wealth increase. In Figure 7.4 we observe the long-term results of
Test 1. Convergence to the optimal solution (where the system stays in equilibrium)
is evident.

Amount eaten out of 4 pieces

<
o |
o
o
0 5000 15000 25000
Round

Figure 7.4: Test 1. Portions of meat eaten (30000 rounds)

The second test takes all the parameters of Test 1 and changes only the payoff
for not-eating, from B=0 to B=1. This time, the choices of eating or not produce
the same payoff. Intuitively we think that a strategy of eating everything (except
the toxic piece) or not eating at all are equivalent. Therefore the optimal rules would
be (0,V) for never eating and (3,1) for eating everything. The choice between these
rules is not evident and it creates an aggregate dynamic where all or none of the
pieces of meat are eaten. We remind that a shark actually gets the not-eating payoff
only when he has the chance to decide not to eat. Let us imagine a situation where
9 of the sharks choose to not eat, Rule(0,V), and 1 shark chooses to eat everything
up to the toxic part, Rule(3,1). Every round the greedy shark will eventually get
his turn and will eat a portion of meat. Therefore, his payoff will be of 3 in every
game (3 pieces of meat each with payoff A=1). The sharks that decide to abstain
will receive the payoff B=1 only if they get picked, and refuse to eat, before the
greedy shark gets his turn. Since the draws are uniform and there is only a shark
that eats, a not-eating shark will have, in every round, the chance to make his choice
with probability of 50% (in all the other cases the eating shark will be picked before
him and the round will be over). Therefore the expected value of the payoff received
by a non-eating shark, in a game, will be of 3 x B %« 50% = 1.5 Thus, a non-eating
shark has the incentive to choose the eat-all rule. When a shark switches to the
eat-all rule two things happen:

1. More sharks compete for every portion of meat. The expected value of the
eat-all sharks decreases (but is still bigger than that the expected payoff of
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the non-eating sharks).

2. Because two sharks can eat a portion of meat, the probability of a non-eating
shark to get the payoff be will drop below 50%. The expected value of the
non-eating sharks will also drop.

The more sharks switch to Rule(3,1) the more competition there is for eating
the meat. The more competition there is the less is the expected payoff. Eventually
the initial situation reverses and 9 sharks will use Rule(3,1) and only one shark
will use the not-eat rule Rule(0,V). When this happens the expected value for a
eat-all shark will be so low that they will again start using no-eat rules. We observe
in Figures 7.5 and 7.6 that even after a considerable number of rounds sharks still
choose, as a group, to eat nothing.

Amount eaten out of 4 pieces Amount eaten out of 4 pieces
) ‘
o |
~
o
0 1000 2000 3000 4000 5000 0 5000 15000 25000
Round Round

Figure 7.5: Test 2. Portions of meat eaten  Figure 7.6: Test 2. Portions of meat eaten
(5000 rounds) (30000 rounds)

This payoff structure creates an environment with a normative equilibrium (all
good meat parts are eaten and the toxic part avoided) but it also offers the possibility
for sharks to depart from this equilibrium (in their search for more profit). The
aggregate outcome fluctuates between eating all the meat and not eating at all. In
their search for a maximum payoff it is possible that sharks leave untouched possible
profits. When they all choose not to eat they each get B points and the untouched
meat is worth 3*B. This situation shows how a locally optimal solution (the sharks
decision not to eat) produces an aggregate suboptimal solution (resources are not
used, all pieces of good meat are untouched).

The game cycles continuously between the two extreme situations: all sharks try
to eat everything and all sharks do not eat. Their behavior is rational and profit
driven. We equate this behavior to that of investors who migrate from asset to asset,
market to market or strategy to strategy in search for higher profits.

We now extend Test 2 and increase the payoff for not eating to B=2. The payoff
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for not-eating is now higher than the payoff for eating. Like in the previous test,
if all the sharks decide not to eat they can all get B=2 points. Yet if one shark
switches to eating he will receive a payoff of 3 (because he will eat by himself all 3
portions of meat). The market will cycle between eating and not eating, between
global optimal and suboptimal states. This behavior is rational and it is due to the
fact that sharks base their decision on expected payoff. Expected payoffs depend
on the strategies chosen by other players. Therefore, a shark’s best strategy is ipso
factum a function of the strategy of other sharks.

With financial markets in mind, we view the toxic piece as a price bubble. More
clearly, a shark eating the toxic piece is similar to the ’biggest fool’ investor, who
buys an asset exactly when it’s price is at a peak. As we observed, sharks are able
to quickly learn the position of a fixed toxic meat portion. Therefore we run a
simulation, with parameters from Table 7.3, where the toxic portion is placed in a
random position at the beginning of each new game.

Average shark wealth

Amount eaten out of 4 pieces o
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Round Figure 7.8: Test 4. The average sharks’

Figure 7.7: Test 4. Portions of meat eaten cumulative payoff

Because the toxic portion of meat can be anywhere sharks rapidly discount their
expected payoffs. They first learn to avoid the 4th piece, than the 3rd until they
resolve to not eating at all. We observe, in Figures 7.7 and 7.8, that after 3000
rounds the average cumulative payoff stabilizes and all sharks choose not to eat. In
this situation sharks reach a stable equilibrium.

We now increase the payoff A to 5 and eating becomes very profitable. Sharks
soon learn that eating the first piece of meat has a higher expected value than
eating the second piece, and so on. As observed in Figure 7.9, sharks stabilize the

Table 7.3: Test 4. Context and payoff structure

Nr. sharks | Nr. of meat portions Position of toxic piece Payoff A | B | Z
10 4 Random between 1 and 4 1 0 |-10
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probability distributions of the rules they use and will choose each rule proportionate
to it’s expected value. In decreasing order of probability the rules sharks use are:

1. Eat nothing

2. Eat 1 piece (until 3 are left). This rule means eat only the first portion of
meat.

3. Eat the first 2 portions

4. Eat the first 3 portions

Amount eaten out of 4 pieces

0 5000 10000 15000 20000
Round

Figure 7.9: Test 5. Portions of meat eaten (30000 rounds)

If we tweak the model even more, using stochastic payoff values or multiple toxic
parts, we obtain similar qualitative results. Sharks will update their probabilities,
on the long run, as a function of the mean payoff structure. Using "The Shark
Game’ we show that a group of agents, who do not understand models (they do
not know the structure of payoffs, the number of toxic parts or that a toxic part
even exists), and use reinforcement-learning, manage to learn profitable behaviors.
Moreover we point out that individual profit-driven solutions do not always generate
optimal global outcomes.

7.4 Conclusions

Using a toy model of a financial market we have showed how bounded rational sharks
can learn, without ever knowing the game model, to discover optimal strategies. This
is an argument for the possibility of market efficiency even if none of the investors
knows (or are able to learn) the fundamental models of the assets.
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The main driver of the sharks’ actions, maximum payoff, will induce them to
choose actions that are only locally optimal (on a particular round the shark gets
a good payoff). When such actions are adopted by a large number of sharks, by
chance or imitation, the aggregate result is suboptimal (meat, which could have
brought more payoff, is left untouched).

Closer to financial markets, this phenomena was partially explained by Grossman
and Stiglitz (Grossman and Stiglitz, 1980). When markets are close to efficiency,
information-based trading becomes less profitable and informed investors leave the
market (their local optimal solution). The more inefficient a market becomes (sub-
optimal aggregate outcome) the more attractive it is for informed investors. In the
light of this proof, financial markets can be viewed as minority games where the
rational choices to be made are: trade actively or not trade at all. When active
trading is abundant two situations can occur:

1. Prices integrate information better and faster (efficiency). The market be-
comes more efficient and the incentives for active trading decrease. Index
(passive) trading becomes more profitable (which leads again to inefficiency).
This is the paradox of informationally efficient markets.

2. Prices are disconnected from their fundamental values and incentives for active
trading increases even more. This situation appears only in special circum-
stances * and can lead to price bubbles. During these periods (of high market
inefficiency) their is no objective best strategy. Going with the trend or against
it could yield similar levels of returns.

Therefore, an investor can recognize that markets are in a continuous transition
between an efficient state and an inefficient state. Since an investor’s goal is to
maximize profits he should adopt a strategy as a function of the current market
state. In an inefficient market it is, up to a point, best to go with the crowd (thus
explaining positive-feedback price bubbles). In an efficient market it is best to: either
not trade at all or choose a passive portfolio and profit from fundamental growth
(if sufficient). This mixed investment strategy is more profitable than any mono-
strategy approach (always active or always passive) since it capitalizes gains during
all market states. The key issue a rational investor poses next is: when should
I switch strategies, from a technical strategy to value investment? The answer
is: it depends on the choice of other investors. This rational realization is the
seed for ’beauty-contest’ behaviors. We observed the same behavior in our model,
where sharks unwillingly play beauty contests (see Test 2). This rational behavior,
motivated by profit maximization, generates locally optimal solutions for investors
(maximum profits) but it does not assure that markets fulfill their normative role
of allocating capital for economic growth.

4Technological innovations and cheap credit can create hypes that attract active but uninformed
investors.
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Conclusion in one phrase: Qur results validate the idea that a financial market is
a beauty-contest - the winner 1s the one that manages to predict the market’s opinion
and not the correct objective fundamental value - and so we put into question all asset
pricing methods (along with their consequences) that do not rely on "objectively-
wrrelevant” information like peer opinion or strategy.

8.1 Our contribution

We review here our models (or model improvements) or tools that contribute to the
existence research body. The theoretical approaches we envisioned and tested are
meant to respect the spirit of parsimony: explain the most things possible with the
least amount of details.

Most information modeling processes, in regards to financial markets, are based
on dividend (or dividend proxy) information. This requires investors to discount
this information using discounting rates which are subject to debate. We proposed
an informational model, see equation 5.2 from chapter 5, which is based on the
difference between the last market price and the new fundamental value. Such
information consists of a price differential which is an indication of discounted future
cash flows. Therefore investors have access to a information stream that provides
information, in a single series, of both cash flows and discount rates. As we shall see
(in the next paragraph) this does not imply that all investors actually make future
returns estimations using homogeneous discount rates.

Investors are known to generally have a risk-averse behavior. In most current
models of financial markets, investors have to evaluate the riskiness of a stock. Using
traditional asset pricing models, like the CAPM of (Sharpe, 1964), investors need
to estimate multiple variables: risk-free rate, risk level of the asset and the market
return. In our model we use a single investor specific measure, called minimum
expected return r,,;,. An investor’s minimum expected return, relative to an asset,
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combines his risk-aversion, his risk estimation of that asset (or sensitivity and market
expected returns) and also his reference risk-free rate. Analytically we can express
a minimum expected return of investor X as:

Ryin(X) = R¢(X) + RiskPremia(X) * EstimationO f AssetRisk(X)  (8.1)

By using a directly aggregated measure, instead of two or three different investor
specific variables, we maintain investor heterogeneity while avoiding debates about
risk premia or various risk estimations.

In our work we have presented an array of investor strategy models (see chapter
5). These models described in a parsimonious way (using only two parameters) a
wide range of behaviors from optimists, conservators to pessimists and other varia-
tions. Moreover, our model was design and specifically checked as to not contain any
mathematical methods, like use of historical volatility, that can implicitly generate
"stylized facts" in market returns.

We have presented two new models of investment strategy. The first, called
SITH, can arbitrage assets or choose go with the trend depending on his information.
Different from other existing switching strategy models, a SITH does not arbitrarily
change strategies but rather tries to maximize his profits depending on the vari-
able distribution of market strategies. The second model we propose, called GOD,
represents a simple benchmark for information value and semi-strong efficiency. A
GOD investor is an arbitrageur that has perfect access to public information. By
observing his portfolio performance, relative to other less informed investors, we can
start drawing conclusions about the semi-strong efficiency of the studied market.

Our results, see chapter 6, show that GOD investors, as a group, are not always
the best performers (hence markets are not efficient). We observed that SITH in-
vestors (which are actually well informed investors with a more complex strategy)
can make better risk-adjusted returns. SITH investors have this advantage because
they "observe" market efficiency (via a proxy distance between market prices and
intrinsic value) and adjust their strategy accordingly. Therefore, we can say a SITH
investor "arbitrates" investment strategies based on perceived market efficiency lev-
els. From these observations we propose a new risk measure for assets which should
incorporate not only fundamental (economic) related risks but also efficiency-level
risk (which should not be confused with market risk).

We define efficiency-level risk as the risk faced by an investor, when buy-
ing/selling an asset, that the asset’s price is highly under/over priced because of
market inefficiency. Moreover, because (as we saw with the SITH investors) above
market returns can be generated, at similar information level, by varying strate-
gies we propose a new form of market efficiency: strategy-strong efficiency!'.

Tt is arguable that strategy-strong efficiency can be a reformulation of strong-form informational
efficiency which can be tested easily.
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This new research perspective implies that a market can be called strategy-strong
efficient, provided above-market risk-adjusted returns are not possible even if the
distribution of investor strategies is known. This type of efficiency implies that it is
not profitable to develop profitable active investment strategies because we would
be better off with a passive buy and hold strategy. It is worth mentioning that a
strategy-strong efficient market does not imply it is also informationally
efficient?.

Our last theoretical contribution consists in a minority-type model, called The
Shark Game (see chapter 7). This model provides a parsimonious toy-model of a
financial market that can be used for didactic as well as for research purposes. The
richness of the model consists in its few parameters (A;B and Z) which generate a
wide range of financial settings.

Finally, we mention the design and creation of our financial market simulation
tool as a practical contribution. The LUMA software tool, available online® at
LUMA website, is the first simulator of its type developed in a french doctoral
school of management* (and the second in France after the ATOM simulator, which
we described in chapter 4).

8.2 Main findings

We summarize our research conclusions in a few simple propositions and afterwards
we address them in more detail:

1. Financial markets can be efficient, even in the overwhelming presence of biases.
Efficiency can be achieved if the average information bias (relative to the
fundamental value) is null. This implies that biases are balanced and, on the
aggregate, cancel each other out. When biases have a skewed distribution
the market prices are biased (e.g. more investors are optimists or optimist
investors control more wealth than other investors), meaning market prices
diverge persistently from the rationally expected price.

2. Stylized facts are observed even when a market is efficient (market prices
fluctuate, with a zero mean, around the fundamental value). A simple lag in
the information used by investors can generate these statistical effects. The
presence of "stylized facts" does not offer much information on the efficiency
of a market or about which investor strategies are active in the markets.

3. When market prices are biased (e.g. persistent overpricing), informed investors
have all the necessary incentives to sell their assets. Their joint selling action

*We redefine efficiency while respecting the (Grossman and Stiglitz, 1980) paradox on the
impossibility of informationally efficient markets).

http://cerag.org/lucianstanciu/LUMA /index.html

1Ecole Doctorale de Sciences de Gestion, EDSG 275, Grenoble
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is not always sufficient to re-establish unbiased prices. If informed investors
exhaust their resources then the market moves into a non-efficient state and
the market prices are dominated by non-informed strategies. During these
"non-informed" market periods we observe higher than usual volatility be-
cause the non-informed investors know they take higher risks and therefore
they demand higher returns. Price bubbles usually occur and their amplitude
and duration is limited by the wealth (and credit options) of the non-informed
strategies. During such periods of market inefficiency, lowering costs of money
can enhance non-informed speculation and can create bigger price bubbles.

4. When market prices are persistently biased it is profitable for informed in-
vestors to engage in non-informed (technical type) strategies (try to go with
the "crowd"). The profitability of such pure speculative behavior, even when
knowing that the assets are mispriced, depends on the speed at which market
prices revert to fundamental values and also on the gap created between these
values (maximum mispricing level). If markets rest biased for a longer time
than a pure-speculator’s investment horizon then it is profitable to engage in
technical trading.

5. All else being equal, we say that a market with the following characteristics
has a high chance of being inefficient and of generating price bubbles (or other
anomalies):

(a) The market has an obscure asset (difficult to understand or lacking in
information), that has showed promises of growth

(b) Money for investing is borrowed cheaply

(¢) Markets, in general, are steady or growing. This condition attracts opti-
mistic investors (and generates skewed a bias distribution which trigger
more market mispricing).

We now go through a short review of the work presented. First, we detail the
important factors that guide this research: the assumptions we make, the limitations
of our methodology, our contribution to the scientific debate and specific results. In
the end we offer a few hints about possibilities of extension to this work.

In the context of the recent financial crisis, regulators, researchers and the gen-
eral public are questioning the role and safety of financial markets. In the aca-
demic finance field, the theory of behavioral finance has offered a scientific basis for
analysing the market realities which are inconsistent with classical financial theory.
The political, economic, social and academic context and motivations of our work
are detailed in Chapter 1.

In Chapter 2 we go into more detail about our specific object of study: formation
of prices in financial markets starting from the individual investor’s behavior. In
this part of our study we describe the flow of actions that transform economic
information and profit motivations into investment orders which merge and form the
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market price. Due to the complexity of such models of reality, classical mathematical
language is not sufficient to create an easily comprehensible model. We choose to
use a different language, namely computer language, to describe and model a generic
financial market.

In Chapter 3 we present the relevant literature and offer our view about the
academic works on the subjects of modelling, building and using computer-based
market simulators for research in finance. We explain each part of a computer-based
financial market model, from information to price formation. The chapter addresses
the main critics that are faced by our methodology of research. Furthermore we
show that a computer simulator is equivalent to a mathematical function - therefore
all advantages and disadvantages of pure mathematical modelling also apply to
computer language modelling.

Next, in Chapter 4, we presented the LUMA simulator, that was constructed
specifically for our work. Our main contributions are found in this model. We
proposed a unique type of economic information. Instead of revealing information
directly about the economic value of an asset, which is very difficult and costly
to do in real markets, we proposed a model where information about a financial
asset is revealed in relation to the market price (too high, too low) - see for more
details in chapter , page 80. Moreover, we contributed by modelling investor biases

information. By changing this simple set of two parameters we obtain a wide range
of investor behaviors, from pessimism to hindsight and optimism. We limit the
scope of our study to extra-day trading periods. While this may be considered a
though limitation on our study, we believe that intraday trading periods are not
relevant to be studied in an efficient-behavioral context. We make this assumption
considering that it is difficult to offer a solid economic model for the evolution of
the value of a company in the duration a day (or a trading period).

Another limitation of our study is the fact that we model a single risky asset. We
consider that a group of investors has a much harder time to gather, interpret and
speculate on multiple assets than it does by focusing on a single stock. Therefore
we implicitly assume that if a group of investors can (or cannot) create an efficient
market with a single stock then they have (don’t have) the possibility to create an
efficient market with more than one stock. In regards to the common assumption of
classical financial (and economic) theories, of homogeneity of investor strategy, we
attest to the soundness of this assumption only because of the following simple fact:
in a market overwhelmed with informed investors a non-informed investor cannot
make superior profits. While this is true in theory it does not mean that real markets
are all the time dominated by informed investors. In our tests we show that a market
populated by mostly (in terms of financial weight) non-informed investors can create
inefficient markets and also provide incentives for informed investors to not use
economic information anymore. Moreover, we show that even informed investors
have incentives to trade against their information, using technical strategies, in an
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attempt to generate superior profits.

In Chapter 5 we put our market simulator to the test and provide answers to
the five research questions. We start by performing benchmark tests that use clear
input-output data sets aimed to validate the correct functionality of our research
tool. Our tests show that a market with persistently biased prices can be created
by a population of informed investors which have skewed biases (more optimists,
more pessimists, etc.). Furthermore, "stylized" facts are showed to be generated
by a number of causes, out of which the simplest is the fact the informed investors
can act using outdated information (newspapers, old analyst reports, delayed news
feeds, etc.). We underline that we contribute to the literature, concerning stylized
facts, by proposing a realistic model of investor behavior that does not implicitly
use autocorrelated functions (such as future price expectations as a function of past
volatility).

After proving that persistently biased market prices are possible we focus on
the survival of different investor strategies. By answering research questions 2 and
3 we show that biased informed investors can continue trading when market prices
are themselves biased. Therefore these biased investors face weaker competition for
the wealth of uninformed investors (noise or chartist traders) because well informed
investors exhaust their resources when trying to re-establish correct price levels.
Simply put, the investor strategy that dominates prices, for extended periods of
time, can survive and prosper in financial markets.

From a philosophical point of view, our results can be viewed as a natural result
of human adaptation. Investors tend to adopt the most profitable strategy even
if it is a 'non-economic information based’ strategy. Price bubbles do not imply a
cost for the speculative investors that profited from the price rise. Such adaptive
behavior can also be seen in political systems. Let us imagine that a democratic
system is like an efficient financial market. When some citizens brake the laws of the
democracy (steal, incite to violence, etc.) then the system will punish this behavior
and restore order in the democracy. This is similar to when market prices depart
shortly from their fundamental value. If enough informed investor react quickly
than market prices can regain their economic values. Getting back to a democratic
system, there are moments when the power in the state is seized by people with
totally antidemocratic views (like in a coup d’état). When such events happen,
citizens still have the same 'rationally-expected’ behavior: try to punish the guilty
and apply the laws of the democratic system. In extreme cases like in a totalitarian
system, it is possible that the state of law is not respected anymore. Therefore,
individuals that try to combat and protest against the new undemocratic regime
can end up losing (imprisoned or even killed). In such situations, citizens have more
than one choice: they can flee the country (to continue fighting the new regime and
avoid imprisonment) or they can choose to support (or not openly disapprove) the
new regime. History shows both choices are adopted by citizens and the results are
as follows:
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1. If the non-democratic system persists then people that have chosen to support
it will prosper (some will never face trials for their behavior)

2. If the system topples quickly than the citizens that supported the new system
will suffer the consequences.

We can imagine that a financial market where prices depart abruptly (and intensely)
from economic fundamentals can resemble a non-democratic system that is coming
to power. In such a situation, a rational informed investor is faced with two options
(like a citizen in the new political system):

1. If the investor believes the market price will fall quickly to its fundamental
value, than it is profitable to go against (short) the market.

2. If the investor believes the mispricing can persist (long enough) than it can
be more profitable to go with the market (adopt a technical strategy). It is
important for the investor to close his position before the prices readjust (and
thus not face the downside of the market). Of course, after prices readjust
(if ever) the investor can continue trading using a normal information based
strategy.

In our results presentation, chapter 6, the formation and destruction of market
price bubbles is also investigated. We show that price bubbles are created when
a significant mass of investors, with positive future expectations of returns and
lacking in economic information, can concentrate enough financial resources on a
stock. Because it is clear that a market can lose its efficiency we have devised a new
investor strategy (generically called SITH). A SITH investor intentionally switches
between an informed and non-informed strategy. We showed how such a SITH
investor can earn more than a pure informed investor in situation where the market
loses efficiency for sustained periods of time.

Our research results tend to validate the 32 years old proof by Grossman and
Stiglitz, see (Grossman and Stiglitz, 1980). This proof showed, in a mathemati-
cal language, that a market cannot be informational efficient. We believe a future
research direction is to study an alternative risk measure for investment that will
replace the classical volatility measure. This new investment risk measure will con-
sist in a function of the level of efficiency of a certain traded asset. Therefore,
instead of computing an expected return using volatility levels (or beta levels) we
will use the level of efficiency of a market:

1. The more efficient a market is the less chances we have to earn an excess return
(to the fundamental return of the asset) because prices are closely tied to the
fundamental reality of the asset

2. The less efficient a market is the more possible it is to make excess returns
(relative to the fundamental returns of an asset) because prices will vary de-
pending on investor biases, mentality or crowd psychology.
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These results add up to a unifying general theory about financial markets that
we call 'sometimes efficient markets’. Financial markets constantly move between
an unstable efficient state and an large number of inefficient states (positive/nega-
tive bubbles, high/low volatility periods, etc). This perpetual transition is due to
investors that observe diminishing returns on their strategies and choose to imitate
(or innovate) the better-performing strategies of other investors®. When a market
is efficient most of the investors use a fundamental based informed strategy and
when a market is inefficient investors have a variety of competing strategies (and
fundamental information is scarcely used). Therefore, when markets are efficient
it can be more profitable to either exit that market or engage in non-fundamental
strategies (like the case of our SITH investors). Vice-versa, in an inefficient market
it may be profitable to adopt a fundamental strategy.

Measuring directly the level of ’efficiency’ of a market is not simple because we
do not have good models for the fundamental value of real assets. Instead, using the
results from our simulation, we can envision methods for determining the relative
strengths of different investor strategy types in a market (informed, not-informed,
trend following etc.) in order to know if a market is approaching or distancing itself
from an efficient state.

A subfield in game theory, called minority games, offers good models of games where the
minority strategies wins. We refer you to (Brandouy, 2005b), (Moro, 2004) or (Stanciu-Viziteu,
2013) for examples and reviews.
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APPENDIX A

Appendix

A.1 Are financial markets ethically efficient?

In this article I will share with you my thoughts about ethics in finance. My aim
is to show that, fortunately, the world of finance has some internal mechanisms for
becoming more "ethical," just like a living organism has the capacity to evolve and
adapt. To start with I would like to challenge you, the reader, to a mental exer-
cise: "Imagine a world where all finance professionals are 100% ethical and highly
qualified". What next? Will markets be safer? Will crises disappear? Let’s explore
the answers together. The subprime crisis affected the global financial system. Its
effects have also been visible in many world economies...... Who is being blamed:
the market, financial consultants, Madoff, Enron, global invaders and other common
financial scapegoats?

Does this sound familiar? Every time something bad happens in financial mar-
kets, "investors" lose confidence in markets and they start blaming others (especially
finance professionals). This natural defence mechanism then motivates regulatory
bodies to start taking new actions like creating tighter regulations, more trans-
parency, better ethical codes or other new measures to help protect the weak and
exposed investor.

This line of thought is not entirely complete, because what we don’t hear is that
investors themselves are among the main causes of price bubbles and the ensuing
crises. I strongly believe that even if all financial professionals were "100% ethical"
and highly qualified, price bubbles and crashes would still happen and it would be
entirely the fault of investors. Let me explain why this is true.

Imagine two intelligent portfolio managers, Pierre and John. They both follow a
highly regarded code of ethics and have strong professional qualifications. In 2007,
Pierre and John had the opportunity to invest in a new financial product called
CDO (collateralized debt obligation). To make a good investing decision (both
ethical and in accordance with their client’s objectives) the two managers engaged
in a due diligence process using the best of their knowledge and skills. John arrived
at the conclusion that investing in CDOs could offer a good return and an acceptable
level of risk for his clients (given his research and also the good ratings displayed
by widely-accepted rating agencies). So John bought these products. Like John,
Pierre tried to understand, as best he could, these financial products yet he could
not arrive at an acceptable conclusion about their risk and return profiles. Being
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cautious by nature, Pierre decided not to buy any CDOs and continued to seek other
opportunities. What happened next is the most interesting part. The following year,
in 2008, investors saw the results of their portfolios. Some of Pierre’s clients were
not very happy with the results and pointed out that John’s portfolio had a much
greater return (due mainly to CDO growth). Pierre, of course, defended his decision,
pointing out that a CDO is very complex and it is difficult to properly assess the
associated risk. Some investors believed Pierre, but others stopped doing business
with him and moved all of their wealth to John’s care.

In reality, in 2007 and 2008, many finance professionals like Pierre went out of
business because they did not go with the CDO growth wave. Their clients left
them for a "better" manager, one that would invest in a CDO and thus gain bigger
"returns" with the same level of (perceived) risk. The end of the story, the subprime
crisis and its effects, is history. Expanding on this recent event and the story of John
and Pierre, I believe that even if all advisers and portfolio managers were cautious
like Pierre and had refused to continue investing in CDOs, investors would have
found independent ways to buy those high-return/low-risk securities, without the
help of professionals. History shows us that we can replace the CDO security with
anything else (petrol, Enron stock, tulips) because the same (il)logical behavior will
apply. After the crash at the end of 2008, when CDOs and related securities lost
most of their value, investors started looking for answers and explanations for their
losses.

Who is to blame they asked? Yes of course, John is to blame because he invested
in CDOs. But John worked to the best of his knowledge and followed all ethical
guidelines. His fault was maybe that he chose to invest in a security he did not
understand very well (yet people like John probably did not know that they did not
properly understand CDO risks). So, rating agencies are probably to blame. They
were misleading and lacked ethics. Following the crash, there were legislators who
wanted to punish rating agencies and make them adopt tighter rules. They proposed
a law that would forbid rating agencies to announce "bad news", at least during
turbulent financial periods. T found (from an anonymous internet forum comment)
a simple explanation that mirrors the logic behind this kind of proposition: "It’s
cold outside. Let’s break the thermometer!" Rating agencies, by definition, operate
in a state of conflict of interest. In 2007 and 2008 there were, however, compa-
nies, associations and professionals that sent warning messages about the dangers
of CDO investing. Financial markets always send a mix of reassuring and warning
messages and it is up to the investor to make the final choice. Unfortunately, before
the subprime crisis, many investors chose to listen only to the good signals. This is
not unlike people who smoke even though packs of cigarettes come with messages
and pictures warning of the dangers of smoking. In short, the recent crisis, like
many others, has a principle cause found in investor behavior and choices. These
behaviours and choices are not backed up by a careful reasoning process and are
often motivated by a blind desire for wealth (sometimes called greed). This irra-
tional behavior and its consequences are not limited to the field of finance and the
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behavior is enabled by all democratic systems that give people, regardless of their
competencies, the privilege of making their own decisions.

With the story of John and Pierre we illustrated how market bubbles and crashes
can appear even if all finance professionals are ethical. Therefore, I consider that
ethical behavior is necessary for all finance professionals but is not sufficient to create
crisis-free markets. Let’s first look at what should be done to achieve a maximum
level of ethics in finance and then we will point out what is needed to complement
ethics.

At present we observe the existence of numerous codes of ethics adopted by
companies, professional associations and even educational institutions. These codes
are most often a very detailed list of things to do (good things) and things not to
do (bad things) whilst exercising a finance related function. With a few exceptions
(due to the complexity of financial dealings) most of the do’s and don’ts in finance
can, in my view, be summarized in one simple phrase: "Don’t do things to others
that you would not like to have done to you!" I believe that this simplification is
possible because most ethical guidelines are perceived intuitively as being correct.
Said otherwise, all professionals know that it is wrong to do things like give false
interpretation of information or mislead clients into taking actions that go against
their best interests. Nevertheless, there are professionals that bend this simple rule.
Society’s reaction to these misdeeds is simple and straightforward: some receive fines
and penalties or lose their jobs or face justice. Yet, unethical behavior is a special
kind of misdeed requiring a larger and more global reaction to limit the potential
for future abuse. I believe that knowing the causes of these acts can greatly improve
future ethical developments.

Why do finance professionals engage in unethical behavior? Leaving aside ob-
vious answers, like "they are bad and greedy", I believe that the field of finance
provides a special context for the application of ethics because of the intersection
of two unique conditions. Ethical codes impose a moral way of thinking that is in
contradiction with the for-profit mind set of all finance professionals. The second
unique condition is the difficulty (and sometimes impossibility) of observing the
causal link between one’s actions and their consequences.

Ethics involves thinking and acting in an empathetic way. In practice, ethics in-
volves letting go of some benefits (or opportunities) to help (or not hurt) others. In
total opposition to this, we have the driving force of capitalism - the maximization
of self-interest. Maximization of self-interest ignores the benefits of ethical behav-
ior because there is no widely accepted value for "being good". This is probably
why many people see finance and ethics as incompatible. Finance professionals are
trained and are supposed to maximize their clients (utility of) wealth. As long as
there is no price (and no market) for ethical behavior, this contradiction in objectives
will be a restricting condition to the application of ethics in finance.

In addition to the conflict between ethical and financial objectives, I believe
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that ethics are not easily applied in the field of finance because the causal link
between one’s unethical behavior and its consequences is obscure. For example, a
doctor when faced with his patient is very aware of the consequences of performing
unnecessary surgery or over prescribing drugs. Because the causal link between
medically unethical behavior and its consequences (illness or even death) is clear,
most doctors are motivated to closely adhere to widely held ethical codes. On the
other hand, finance professionals often see the results of their actions only in the
bottom line of their portfolios. It is not easy to see the link between one’s investing
actions and people losing their pension funds or their homes. In my opinion, stating
the logical links between unethical behavior and loss of jobs, homes and wealth is
infinitely more effective than any abstract moral rhetoric. These links exist and
their global recognition is critical to developing ethical behavior.

We have seen conflict between objectives and the obscurity of causal links as two
conditions that make it difficult for ethics to be embraced by finance professionals.
Working towards eliminating these hindering conditions is necessary for further eth-
ical advancement. The good thing about finance in general is that it has a subtle
method for adopting ethical behavior: ethical efficiency. As with informational effi-
ciency, I believe that unethical behavior ultimately has a positive impact on future
ethical behavior . When inefficiency is discovered, it is exploited by market par-
ticipants until it disappears. Similarly, since the discovery of the "Madoff ethical
inefficiency", investors and finance professionals are double-checking their environ-
ment for similar "inefficiencies". We can quite safely say that Ponzi-like schemes
have a very slim chance of working in the future (of course, provided that future
generations will learn and understand how to avoid this "ethical inefficiency" and
its consequences).

In this article we have pointed to some of the obstacles to ethics in finance.
Moreover, we have explained that in the future an ethical professional body will
not be sufficient to create crisis-free markets. It is important to continue refining
and improving the financial environment so that ethics can flourish, especially by
eliminating the above-mentioned restricting conditions. In my opinion, however,
legislators and professionals should also invest more energy in educating all market
participants present and future. This can be achieved by teaching children about
ethics, risk and finances from the beginning of their school careers. It is through
education that future investors, today’s children, will be conscious of and understand
risks and returns and will be able to make better informed decisions. Likewise,
education will help professionals see the links between their actions and possible
consequences. It is only through education that markets will eventually become
ethically efficient.
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A.2 Central Limit Theory for number estimations

To solve the problem describe in 3.1 we provide below an R code. We first generate
the estimations of people trying to guess the number of balls. In this case the
estimates are uniformly distributed but any distribution can be used. Afterwards,
we take random samples of these estimates and compute the mean of each sample.
Finally we draw the histogram of all the sample means and observe they follow a
normal distribution with the good average (of exactly the number of balls in the jar).
This code is executable in the R Statistical software from http://www.r-project.org/

N<—100 # real number of balls in the jar
popSize <—20000 # how many people try to guess the number
estimate<—NA

1:(popSize /2))*2)

i|<—Ntrunif(1,—10,0); # estimations above N
for (i in ((1:(popSize/2))x2)—1)
estimate|i|<—Ntrunif (1,0,10); # estimations below N

for (i in (
estimate |
(
i

mi<—NA
size — 1000;
nb_ samples = popSize /4;
for (i in (1:popSize/4))
mi|i]=mean(sample(estimate ,size)); # averages of samples of estimations

hist (mi, nclass=100) # histogram of all sample averages

A.3 Signal to noise Ratio

The Signal to Noise Ratio of CAC40 indices was computed using the code be-
low. The price quotes of CAC40 can be found on Yahoo Finance. We draw the
attention that the quotes from Yahoo Finance start from the last quote, so they
need to be inverted when computing returns. The code below reads price quotes
(where the first quote in the file is the more recent quote) and then inverts them
when computing returns. This code is executable in the R Statistical software
from http://www.r-project.org/. A version of CAC40 price quotes can be found at
http://cerag.org/lucianstanciu/table.csv

#compute returns from prices
A=read.table(’table.csv’ sep=",");
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#inversion of price quotes.
#remove if first quote is the oldest (not the newest)
P-A[rev(1l:length(A]|,1])),1];

R=rep (0,length (P)—1);
for (i in 2:length(P))
R[i—1]-log (P[i]/P[i —1]);

#calcul signal—to—mnoise and periodic volatility

window=250; # how many returns to get in a sample mean and volatility
C rep(0,length (R)—window ) ;
StN=rep (0,length (R)—window ) ;
for (i in window+1:length (R)—1) {
StN|i—window| = mean(R[i—window:i])/sd(R|i—window:1i]);
Cli—window| — sd(R|i—window:1i|);
}
affichage sans premiere obs=250;
plot (StN|affichage sans_ premiere obs:length (StN)]|,...
type—"1" main—"CAC40 sd (periods window)");
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The influence of investor biases on the formation of prices in
financial markets

Abstract: We construct an agent-based computer simulated financial market.
Trading in this market is not continuous. The market price is formed using a limit-
order book. The modelled investors receive biased information and they attempt
to maximize their wealth. Different traders, from noise to chartist and informed,
coexist in the same market. We show how stylized facts can be formed by the pres-
ence of chartists or a simple lag in investor information. Price bubbles can arise
when market prices are dominated by technical traders. Interestingly we show that
well informed investors can earn more if the adopt, in special situations, a technical
strategy. Using our results we propose a new model for market dynamics called
"sometimes efficient markets". Moreover, we define the concept of "strategy-strong
efficient markets".

Keywords: computational finance, stock markets, efficiency, multi-agent, simula-
tion, bubbles, stylized facts, risk management




