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“ Traditionally, much of economic research has relied on the assumption of
“homo oeconomicus” motivated by smiferest and capable of rational
decisionmaking. Economics has also been widely consideredom n
experimental science, relying on observation of-teatld economies rather
than controlled laboratory experiments. Nowadays, however, a growing
body of research is devoted to modifying and testing basic economic
assumptions; moreover, economic researelies increasingly on data
collected in the lab rather than in the field. This research has its roots in
two distinct, but currently converging, areas: the analysis of human
judgment and decisiemaking by cognitive psychologists, and the empirical
testng of predictions from economic theory by experimestahomists.
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ABSTRACT

Financial marketgxhibit dynamicsandbehaviorwhich arenot completely explainablie

the traditional neoclassicakconomicframework based on the assumption of rationally
acting agents (“Hom®economicus”).Even though there strongempiricalevidence that
financial markets are highlgfficient, the existence of thesearket“anomalies” is well
accepted. In the last decades academic studies have revealed dozens of examples of
repeated patterns of irrationality, inconsistency, and errors in judgment when human
beings are required to rdaalecisions while faced with the condition of uncertainty.
Behavioal financeincorporates this body of knowledge aagjues that marketnomalies

can plausibly be understood usimgvelmodels in which agents are not fully rational.

In the first part ofthe thesis seminal theoretical and experimentabrk on
behavioal finance and market anomaliesll be reviewed Furthermore e underlying
psychological mechanisms and empirical evideoéerobust and systematic effects
observed in experiments and overwade area of financial markets data will be
emphasized

The mainobjectiveis the simulation of selectedempirical effects based on the
novelmethodology ofgert-basedcomputationakconomics which provides a framework
to study an economic system in antrolled computational environmentherefore an
integrated markets modeonsising of a financial market with trading agents and a
consumer marketwith cognitivdy and socially bounded consumer agents will be
introduced.The markets are coupled via le@ag production firm agents offering their
products and share¥he consumer agents are embedded in a social structure based on
“small-world network” prhciples.The integrated marketsnodel will serve as a testbed,
which allows the investigation ofmarket dynamicsunder conditionswhich are too
comple to be addressed analyticallfyhe underlyingbehavioal, cognitive and social

mechanisms will be explored.
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1 Introduction

Financial maketsexhibit dynamics andbehaviorwhich arenot completely explainable by
traditional economic concepts. Despite strong evidence that financial markets are highly
efficient, the existence of these “anomalies” is well accepted. In the last decades academi
studies have revealed dozens of examples of repeated patterns of irrationality,
inconsistency, and errors in judgnt wherhuman beingsre required to reach decisions
while faced with the conditiorof uncertainty (see for examp&mon, 1955and 1982
Kahneman and Tversky, 1974 and 1938tman, 1997; Dorner, 199Gjgerenzeret al,

1999 Barberis and Thaler, 20P3

Behavioal finance argues thathese financial phenomena can plausibly be
understoodusing models in whichagents are not fully rationalOn the contrary
neoclassical economic theory is based on the assumption of rationally acting agents
(lovingly named “HomoOeconomicus”) Used in this context rationality usually means
two things. First, agents are able to update their beliefs correctbwioy the rules
described by Bayes’ laysee sectior2.2.1.9. Second, agents make choices which are
consistent with Savage’s notion 8fibjectve ExpectedUtility (Savage, 194). Savagés
work hasoncebeen desribed by Fishburn (1970) as “the most brilliant axiomatic theory
of utility ever developed”, and by Kreps (1988) as “the crowning achievement of-single
person decision theorySince in reality probabilities are rarely objectively known, Savage
(1954) deeloped a counterpart to expected utitligory (von Neumann and Morgenstern,
1944)known asSubjective Expected UtilityUnder certain axiomsf Subjective Expected
Utility, preferences can be represented by the expectation of a utility fuwetigintedby
an individual's subjective probability assessmexevertheless experimental work in the
last few decades has been as unkin8ubjective Expected Utilitys it was to expected
utility (seesection2.2.3.4.

Moreoverin traditional economicsnost models of asset pricing use tiagonal
expectationsequilibrium framework, which assumes consistent beliefs in addition to
individual rationality (Sargent, 1993). This means that the subjective distribution an agent
uses to forecast future realizations of unknown variables equals the distribution that those

realizations are drawn from. Hence agents’ beliefs are correct if they are able to process



Behavioral Finance and Agent-Based Computational Economics 2

new information correctly and if they are able to consider enoughmatan in their
decisionmaking process to find out the correct distribution for the unknownblasidhey

are interested in. Tketraditional economic assumptions are appealingly simple, but after
decades of research, it has become clear that bascafamiit the aggregate stock market,
the crosssection of average returns and individual tradipghavior are not easily
understood within this framework (Barberis and Thaler, 2003).

As an early critic on economic agents with unlimited information proagssin
capabilities Herbert Simon (1955 and 1982) suggested the term “bounded rationality” to
describe a more realistic approach to cover human problem solving compédtdres.
long been recognized that a source of judgment and decision biases is thatecogniti
resources such as time, memory, and attention are limited. Since human information
processing capacity isot infinite, there is a need for imperfect decisioraking
procedures, or heuristitbat arrive at reasonably good decisions cheaplyf(se=xanple
Simon, 1955; Tversky and Kahneman, 1974). The necessary abbreviation of decision
processes can be called heuristic simplification (Dam@khleifer, and Tegh2002 see
section2.2.]). Indeed,the complexiy of humanbehaviorsuggests that a choice model
should explicitly capture uncertainty factors. Real economic agents are restricted at least in
their cognitive (for example knowledge) and computational abilities (Mullainathan and
Thaler, 2000).

Behavioal Finance is a “new” approach to financial markets. To overcome the
difficulties faced by the traditional paradigbehavioal finance argues that some financial
phenomena can be better understood using models in which (some) agents are not fully
rational. More specifically, it analyzes what happens whenassumptionghat underlie
individual rationality are relaxedFor example if agents fail to update their beliefs
correctly or agents apply Bayes’ law properly but make choices that are normatively
quesitonable since they are incompatible wilubjective Expected UtilityBarberis and
Thaler, 2003).

In the first part of tb thesis, seminal theoretical and experimental work on
behavioral finance and market anomalies will be reviewed. Furthermore theyurglerl
psychological mechanisms and empirical evidence of robust and systematic effects
observed in experiments and over a wide area of financial markets data will be

emphasized.
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The main objective is the simulation of selected empirical effects based on the
novel methodology of ageiitased computational economics, which provides a framework
to study an economic system in a controlled computational environment. Therefore an
integrated markets modeonsisting of a financial market with trading agents and a
consumer market withcognitively and socially bounded consumer agents will be
introduced.The markets are coupled via learning production firm agents offering their
products and share¥he consumer agents are embedded in a social structure based on
“small-world network” principles.The integrated markets model will serve as a testbed,
which allows the investigation of market dynamics under conditions which are too
complex to be addressed analytically. The underlying behavioral, cognitive and social

mechanisra will be explored.
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2 Behavioral Finance

Behavioal finance is a“new” approachto finance, where financial markets are
investigated using models that are less restricted than those based on Von Neumann
Morgenstern (1944) expected utility theory gnd-)arbitrage assumptiohsSpecifically,

behavioal finance has two main building blocks:

* limits to arbitrage and

» cognitive psychology or psychology of decision making.

Limits to arbitragaefers to the effectiveness of arbitrage forces under different conditi
Cognitive biases refstto the huge psychological evidence documenting that people make
systematic errors in the way they come to decisions under the condition of uncertainty. For
example they can be overconfident, they may put too much weight @amtrexperience,

etc. Behavioral finance incorporates this body of knowledge rather than taking the
approach that it should be ignored (Ritter, 2003).

Over the lastdecadesprominent researchers in both economics and psychology
have criticized theview of neoclassicaleconomics as psychologically unrealistic and
proposed alternative assumptioiiie underlyingdeaof thisresearchs compellingin its
simplicity. the more realistiche assumptions about economic actors, the bdtter
economics. Thus econanists should aim a makng assumptionsof humans as
psychologically realistic as possible. The idea that economists should incorporate
behavioal evidence from psychology that indicate systematic and important departures
from the discipline’s habitual assaptions is so fundamental and manifést economics
that it will have longterm influence Maybe a good analogy is thiatroductionof game
theory in economics/Vhile game theory is now a required core topic of every major U.S.
Economics Departmenit was said in 1985 by more than one respected and thoughtful
economist that it Wl be a passing fad. Like game theory, psychological economics clearly
expands the range of phenomevtach economists can successfully study, and does so in

! Strictly defined an arbitrage is an investment stratéigst offers riskless pfits at no cost(Barberis and
Thaler, 2003).
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what clearly is the@rit of economics. Like game theory, it is based not on a proposed
paradigm shift in the basic approach efonomics but rather representsa natural
broadening of the fieldAnd finally, like game theoryhehavioal financeis intendedto be
absorbedy economics, ndb exist as an alternative approgétabin, 2002a)

Up to now me of the biggest successes l#havioal finance is a series of
theoretical publications showing that in an economy, which includes interacting rational
and irrational traderstrationality can have substantial and lonljving impact on prices
One reason is that there are some psychological biases which virtually nan@seape.

A second reson is that when traders are risk averse, pridésctea weighted average of
beliefs. Just as rational investors trade to arbitrage away mispricing, irrational investors
trade to arbitrage away rational pricing. The presumption that rational belief®awill
victorious is based on the premise that wealth rihostfrom foolish to wise investor&ut

if investors are foolishly aggressive in their trading, they may earn higher rewards for
bearing more rissee for exampleDelLong et al., 1990b anti991) or forexploiting
information signals more aggressively (Hirshleifer and Luo, 200)s irrational traders

may gain from intimidating competing informed traders (Kyle and Wang, 1997). Indeed,
one would expect wealth tiiow from smart to dumb traders exactly avhmispricing
becomes more severe (Shleifer and Vishny, 1997; Xiong, 2000), which could contribute to
self-feeding bubbles.

This stands in contrast to the neoclassical view that even if some agents in the
economy are less than fully rational, rational agesill prevent them from influencing
security prices for very long, through a process called arbitragdit@tature on “limits to
arbitrage” (see for example Shleifer and Vishny, 199%hich overcomes this classic
notion, forms one of the two buildiadlocks obehavioal financeand will be reviewed in
the nextsection To specify the form of agents’ irrationalityehavioal economists
typically turn to the extensive experimental evidence compiled by cognitive psychologists
Psychologicalesearch hadiscovereadountlesdiases that arise when people form beliefs,
and on people’s preferences, or on how they make decisions, given their beliefs. Thus
psychology represents the second boddblock ofbehavioal finance, which is reviewed
in chapter2.2 (Shleifer and Summers, 1990; Barberis and Thaler, 2003).
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2.1 Limitsto Arbitrage

Two economists are walking down the street and one spots a $100 bill lying on the
ground. He turns to the other economist and salyepk, a $100 bill'” The
other economist looks at him in disbelief and answers, “If it were real,
someone would have already picked it up.”
(Bodie, KaneandMarcus 2002)

Limits to arbitrage refers to the conditions when arbitrage forces will be effeative
when theywill be not effective. Practiticegrs are familiar with the fact that misvaluations

of financial assets are common, but nonetheless it is not easy to reliably make abnormal
profits from these misvaluations. This is because misvaluations ardynaod two types:

those that are recurrent and arbitrageable, and those that arepeating with a rather
long-term time horizon. Trading strategies can reliably make money for the recurrent
misvaluations. For example some hedge funds trade on thepeiamigs, thus keeping
them from getting too big. Hence the market is pretty efficient for these assets. For the
long-term, nonrepeating mispricings, it is hard to identify the peaks féoats until they

have passed. Even worse, if limited partners theroinvestors are supplying funds,
withdrawals of capital after a losing streak may actually result in trading pressure that
exacerbates the inefficiency. As Shleifer and Vishny (1997) state, the efforts of
arbitrageurs to make money will make some markabre efficient, but they will not have

any effect on other markets (Shleifer and Vishny, 1997; Ritter, 2003).
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21.1 Market Efficiency

“If rational speculation makes markets efficient, then because the market is
efficient, no profits can be made and all théamal speculators should leave, thus
causing the market to revert to an inefficient state.

Milton Friedman

The traditional framework states that agents are rational and there are no market frictions.
Thus a security’s price equals its “fundamental valubich equals the discounted sum of
expected future cash flows. This holds under the assumptions that investors correctly
process all available information when forming expectations and that the discount rate is
consistent with a normatively acceptable fprence specification. The hypothesis that
actual prices reflect fundamental values is known as the Efficient Markets Hypothesis
(Barberis and Thaler, 20Q3)

The Efficient Markets Hypothesis represents a main building block of modern
finance. It states th@ompetition between investors seeking abnormal profits drives prices
to their “correct” value. Under this hypothesis “prices are right” since they are set by
agents who understand Bayes’ law and hat®nal preferences. In an efficient market,
there is“no free lunch”. There doesohexist an investment stratethyat can earn excess
risk-adjusted average returriBhe Efficient Markets Hypothesis does not assume that all
investors are rational, but it does assume that markets are rational. Furtheaneseribt
assume that markets canticipatethe future, buthe hypothesisloes assume that markets
make unbiased forecasts of the future. In contrast to this traditional framéebeyioal
finance comes to the conclusiothat, under some circumstancé®ancial markets are
informationdly inefficient (Shleifer, 2000Barberis and Thaler, 2003; Ritter, 2003).

2.1.2 FreeLunch or Wrong Prices?

One hypothesis dbehavioal financeis that asset pricgeviationsfrom their fundamental
values are induced bthe presence of trads whoare not fully rational.The neoclassical

economic approach assumes that rational traders are able and teiljuickly undo any



Behavioral Finance and Agent-Based Computational Economics 8

dislocations caused by irrational traders (Friedman, 1¥s8)exampldet us assume that
the marketvalue of a share of VW equals its fundamental value. If a group of irrational
traders becomesxtremelypessimistic about VW’s future prospects, they are able to push
the price by sellingln such a casene Efficient Markets Hypothesis states that ration
traders, anticipating an attractiveinvestmentopportunity, will buy the security at its
undervaluedprice and at the same time, hedge their bet by shortisglstituté security,

for exampleBMW, which exhibits similar cash flows in future states tbfe world. The
resulting buying pressure on VW shares wiihally bring thér price back tothe
fundamental value.

Although Friedman’s argumersieems to beompellingat first sight it has not
survived careful theoretical examinatidnis based on twassumptionsFirst, if there is a
deviation from the fundamental value an attractive investment opportunity is created.
Second, rational traders will immediatelgke advantage ofhe opportunity, thereby
correcting this mispricingBehavioal finance goesalong with the second step in this
argument: when attractive investment opportunities are discovered, it seems hard to believe
that they are not quickly exploitetNonethelesehavioal finance challenges the first
step. Even when an asset egtremely mispriced, strategies designed to correct the
mispricing can be both risky and costipaking them unattractive. As a result, the
mispricing can remainStrictly defined an arbitrage is an investment strategy that offers
riskless profits at no cosBehavoral financequestionsthe belief that a mispriced asset
immediately creates an opportunity for riskless profitse strategies that Friedman
rational tradersvould adopt are not necessarily arbitragmsteadthey often are very
risky.

A consequencefdhis argimentationis that “prices are right” and “there is no free
lunch” are not necessarily equivalent statemeéntan efficient market, as described by the
Efficient Markets Hypothesis, both statements are true. In an inefficient maltketigh
there may be wrong prices there must netessarily be &ree lunch” for any market
participants Thus if pricedo differ from fundamental valyehatdoes not mean that there
are any excess riskdjusted average returns even for the smartest invéBarseris and
Thaler, 2003).

Nevertheless many researchers still interpret the inability of professional money

managers to beat the market as strong evidence of market efficiency (see for example
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Rubinstein, 2001; Ross, 2001). Underlying this argumenteisafisumption that “no free
lunch” implies “prices are right.” But if this condition is violatetthe performance of
money managers tells us little about whether prices reflect fundamentabvaoe

2.1.3 TheRisky Lunch

Trading strategies that adesignedo correctexisting mispricingscan be both risky and
costly. Thus tle mispricing most likely will survivein the marketSome of the risks and
coststhat have beementified will be discussed in this sectigaccording tdBarberis and
Thaler, 2003)

2.1.3.1 Fundamental Risk

For example let us again assume that the market value of a share of VW equals its
fundamental value. If a group of irrational traders becomes extremely pessimistic about
VW’s future prospects, they are able to push the mioyen by selling.A rational trader,
anticipatingan attractive investment opportunity, will buy the security at its undervalued
price

One obvious riskhe arbitrageur faces if he buys VW'’s stock below its fundamental
value is thatnew announcedbad news about VWan cau® the stock to fall further,
leading to lossesArbitrageurs are well aware of this risgince they usuallyshort a
substitute security such as BMW at the same time that they buy VW. The pnafitem
substitute securities that theyare often highly imerfect which makesit impossible to
remove all the fundamental risk. Shorting BMW protects the arbitrageur from adverse
news about the car industry as a whole, but still leaveseiposedto news thatare
specific to VW Another problenthatcan occureven if a substitute security exists,that
the substute itself may be mispriced. This can happtr examplein situationswhere a

wholeindusty is mispriced
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2.1.3.2 Noise Trader Risk

Noise trader risk is the risk that the mispriclgjng exploited by therbitrageur worsens
in the short rur(De Long Shleifer, Summers and Waldmari®9G&; Shleifer and Vishny,
1997). For exampleunder theassunption that BMW is a perfect substitute security for
VW, the arbitrageur still faces the risk that pessimistic imvgsivho caugd VW to be
undervaluedbecome evemore pessimistiqushingVW’s price even further.

Noise trader risks importantbecause it cadrive arbitrageurs to liquidate their
positionstoo early, bringing them potentiallgxorbitantiossesShlefer and Vishny (1997)
point out that there is “a separation of brains and capital” smost reahworld
arbitrageurgfor exampleprofessional portfolio managérare notdealing withtheir own
money rather managing money for other people. This ageraylem carhave important
implications. Investors usually evaluate portfolio managers based on their returns. If a
mispricing that the manager is trying to exploit worsens in the short run, he is generating
negative returns and investors may decide to watlvdtheir funds. Thus the arbitrageur
will be forced to liquidate his position too early. Furthermore the fear of such premature

liquidation can make him less aggressive in trying to exploit the mispricing.

2.1.3.3 Implementation Costs

Another barrier which maydep arbitrageurs from exploiting mispricings are transaction
costs such as commissions, -ask spreadsand price impacs$ (seefor example Chen
Stanzl, and Watanap2001)

Short-saleconstraintdike thefee charged for borrowing a stoakerathersmal in
general For most stocks, they range between 10 and 15 basis foiAwolio, 2002) but
they can be much largemdin some cases arbitrageuaee not able to find shares to
borrow at any pricel-urthermore there maye legal constraints\ large fration of money
managers for examplemany pension fund and mutual fund managare simply not
allowed toshortsell

Another kind of implementation casthorizon risk, is the risk that a mispricing
takes so long to close that any profits are vanishedaaccumulated transaction costs

the holdingperiods (for example lending fees)his applies even when tineoney manager
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is confidentthat no outside partyanforce him to liquidataoo early. “Synchronization
risk” is aspecifictype of horizon rik introduced by Abreu and Brunnermeier (200=2)r
example assume thathe e&ploitation of a mispricingrequires the participation of a
sufficiently large number aflifferent arbitrageursin that case anith the presencef per
period transaction costgbirageurs maype unwillingto take advantage ahe mispricing
because they donknow how many other arbitrageurs have heard about the opportunity
Thus they are unsure abdubw long they willhave to wait before prices revert tive
correctftundamenthvalues.

Finding and learning about a mispricingay count as aradditional type of
implementation cost as well as the casbof the resources needed to exploi{Nterton,
1987).In economics it wathoughtfor a long timehat if noise traderare ablgo influence
stock prices to any substantial degree, their actions would quickly be reflected in the form
of predictability in returnsShiller (1984) and Summers (198@gmonstrate that this
argument is completelynisleading Moreover Shiller (1984) cal it “one of the most
remarkable errors in the history of economic thought”. Téreyable tshow that even if
noise trades’ demandbecomesso strong as to cause a large and persisteyricing, it

may createso little predictability in returnghat he anomaly still imlmostundetectable.

2.1.3.4 Conditions ofRiskyArbitrage

So farstrongargumentsvere presentethat real world arbitragenvolves both costs and
risks, which under some conditions will limit arbitrage and alldeviations from
fundamental alue to persist. Tdook atthese conditionsn more detail it is useful to

considertwo cases

» the mispriced security does not have a close substitute

» the mispricedecuritydoes have a close substitute.

In the first case whethe mispriced security doest have a close substitute the arbitrageur

is exposed to fundamental riskhusarbitrages limited due to the factthat

» arbitrageurs are risk aversehich ensures that the mispricing will not be wiped out

by a single arbitrageur taking a large positio the mispriced securitgndthat
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* the fundamental risk is systemastceit cannot be diversified by taking many
such positionsThis ensures that the mispricing will not be wiped out by a large
number of investoreach adding a small position in thespriced security to their

currentassets

The additional presence of noise trader risk or implementation costs will limit arbitrage
further.

In the second casejthougha perfect substitute does exiathitrage can still be
limited. The existenc®f a closesubstituterelieves the arbitrageur from fundamental risk.
Under theassumption that there are no implementation cogtenonly noise trader risk
remains. De Long et al. (1980show that noise trader riglan be influentiaenoughto
limit arbitrage, whenarbitrageurs are risk averdeve short horizongnd noise trader risk
is systematic. Shleifer and Vishny (19%tguethat the possibility of an ear]yforced
liquidationimpliesthat manyreal worldarbitrageurs effectivelitave shortermhorizons.

In the presence of implementation costsnay not even b@&ecessarythat noise
trader risk is systematidt is sufficient that discovering mispricing is costly or the
resources required texploit it are expensiveThusa large number oérbitrageurs or

investorswill notget involvedin anattemptto correct the mispricing.

2.1.3.5 The Trend is Your Friend

Reatlworld abitrageursmay prefer to trade in the same direction as noise tradtrsr
than against them. De Long et al. (199@ktyoducean ecmomy model with msitive
feedback traders, whanly buy more of an asset the currenperiod if it performed well
thelast period.Thus his type ofnoise tradersvill push an asset’s pri@ovethe correct
fundamental valueSmartarbitrageurswill not sell or shorsell the assetTheyratherbuy
it, since theyknow that the earlier price rise will attract more feedback tradeifse next
period This leads to evenhigher pricesand the smartarbitrageurs can extheir trading

strategy witha profit.

So farit seemsnot to be easy for arbitrageurs like hedge funds to exptodrket

inefficiencies since this may involve risks and costsin the next section supporting
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empirical evidence for the theoretical arguments tieatl world arbitrage can berhited
will be described

2.1.4 Empirical Evidence

As lined out in the theoretical arguments, it is reasonable to state that arbitrage may be
limited or ineffective since it involves additional costs and risks. Any empirical example of
persistent mispricingalso representsindoubtful evidence of limited arbitrage. If arbitrage
mechanisms would be effective the mispricing would rapidly disappesthermore it
seems not to be easy to interpret many pricing phenomena simply as deviation from
fundamental value soe the latterrequires a proper discounting model of future cash
flows. This is what Fama (1970) named the “joint hypothesis problEarha states that

any test of a mispricing is therefore inevitably a joint test of the mispricing atitk of
model of disount rates,which males it difficult to provide definitive evidence othe
marketinefficiency. Despite these problems researchers have discovered certain market
anomalies, which represent persistent mispricings. These exarmeraonstrate the
limitation of arbitrage due tdhe involved risks and cost&ccording toShleifer, 2000;
Barberis and Thaler, 2003; Ritter, 2003)

2.1.4.1 Twin Shares

In 1907, Royal Dutch of the Netherlands and Shell of the &iKthe time completely
independentompaniesagreed to mergtheir interests on a 6400 basis while remaining
separate entities. They also decidep&y dividends on the same basifius shares of
Royal Dutch (primarily traded in the USA and in the Netherlands) are a claimpieré&ént

of the total cash flow of thtwo companies, while Shell (primarily traded in the UK) is a
claim to the remaining 4percent If stock prices are equti their fundamental values, the
market value of Royal Dutch equity shouttus always be 1.5 times the market
capitalization of SHeequity. Figurel presents evidence that this is barely the dasmt
and Daborg1999) analyzed thcaseandcalculaed a ratio of Royal Dutch equity value to

Shell equity value relative to the efficient markets benchmark of 1.5 as shown in figure 1.
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Thus they can provide strong evidence of a persistent market inefficieomcgxample,

The Financial Times Germany from the 25th of June 2004 states, besides reporting a recent
balance sandal of Shell, possible reasdor the persistentmispricing of thetwo
companies; namelthe different tax and stock corporation law in the Netherlands and the
UK. FurthermoreFroot and Dabora’s (199%nalysis revealed that the deviations are
ratherlarge Royal Dutch is sometimasderpricedoy 35 percentrelative to jarity, while

sometime®verpricedup to15 percent

Royal Dutch [/ Shell Deviation
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Figure 1. Deviations from Royal Dutch/Shell parity from January 1980 to December 2001, as
computed by Froot and Dabora (1999) and updated by Ken Froot (from Ritter, 2B8$}axis
shows theprice ratio of Royal Dutch equity value to Shell equity value relative tahheretical

efficient markets benchmark of 1.5.

The time series data in figure 1 ends in December 2001, with a price ratio close to the
fundamental value of thenderlying stocks. Despite that nice picture in July 2002 Standard
and Poor’'s announced that Royal Dutch would be dropped from the S&P 500 index
because they were deleting rAmerican companiesStandard and Poor’s 500 is one of

the most commonly used tehmarks of the overall stock market. It is a maxedtie

weighted index, with each stock’'s weight in the index proportionate to its market value.
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Furthermore it is an index consisting of 500 stocks chosen for market size, liquidity, and
industry group rpresentationRoyal Dutch dropped by 1gercentin the week of th&&P

500 index deletiomnnouncement, although there was no evidence that the present value of
dividends changed.

This mispricing isat the same timevidenceof limited arbitrage If an arlitrageur
wanted totake advantage dhis phenomenon he would buy the relatively undervalued
share and short th@her. Which risksis the arbitrageur implicitly bearing when applying
this rather simple strategy? Given that a Royal Dsttlre is a goodubstitute for the
shares of Shell fundamental risk issatisfactorily hedged New information about
fundamentalss supposed taffect the two shares equallgince the shares are listed and
traded in liquid and deep marketereare nomajor implementatio costs Thusshorting
theshares of either compamyplies no additional risks.

The mainrisk that reidesis noise trader riskThe opinion of market participants
which cause Royal Dutch shares to be undervalued (overvalued) relative to Shell shares
could also have the effect that the shares of Royal Dutch become even more undervalued
(overvalued) in the short term. Figureshhiows that thisisk is veryreal. An arbitrageur
who boughta ten percentundervalued Royal Dutch share in March 1983 wddde
observed that the stock price declinetll further over the next six month8vhen a

mispricedassehas anearly) perfect substitutarbitrage can still be limited if

« arbitrageurs are risk averse and have diraghorizons
» the noise trader risk sysematicor the arbitrage requirepecialskills or there are
costs to lem about such opportunities.

It seemsto bevery plausible thafor the Royal Dutci8hell twin sharedoth arguments
were true Furthermore this provides a possikbgplanationwhy the mispricing persisted
for so long. While prices in this case araviously not rightthere are no easy profits for
the takingor in other words there is no “free lunch”
How well does this prediction work in practicE@veral hedge fundsike Long
Term Gapital Managementid try to exploit this anomaly with the mentioned arbitrage
strategy. Finance theory has the clear prediction that whenever the Royal Dutch/Shell stock
prices are not in a 60:40 ratibere is an arbitrage profit opportuniBor the ast 2 years,
from 1980 to 2001, figur& demonstrates that there have bbege deviations from the

theoretical relationFurthermore botlare largeand trackableeompaniesUntil July 2002
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Royal Dutch wadisted in theS&P 500 and Shell idistedin theFTSE100index FTSE is
a company that specializes in index calculation. Although not part of a stock exchange, co
owners include the London Stock Exchange and the Financial Times. The FTSE is similar
to Standard and Poor’s in the United States. They @st kmown for the FTSE 100, an
index of blue chip stocks on the London Stock Exchange.

The before mentionegiant hedge fund, Long Term Capital Managen{emCM),
was founded in 19by John Meriwether, former head of fixed income trading at Salomon
Brothas. Even when forced to leave Salomonli991, in the wake of the firm'treasury
auction rigging scandal, Meriwether continued to command huge loyalty from his former
team of highly analytical relativealue fixed income traders. Teamed up with a hanafful
these traders, two Nobel laureates, Robert Merton and Myron Scholes, and former
regulator David Mullins, Meriwether and LTCM had more credibility than the average
broker or dealer on Wall Stre@hirreff, 1999) The fund was amazinglsuccessfuin the
first few yearsand traded also on the Royal Dutch/Shell mispricing1998, LTCM
shorted the expensive stock and bought the @reape.But they lost money when prices
diverged further from their theoretical values during the third quarter of 199&1eEb
liquidity needs, LTCM and other hedge funds were forced to sell out their positions, and
this selling pressure made markets more inefficient, rather than more efficient. So the
forces of arbitrage failedoreoverthey had one bad quarter in whichythestfour billion
US dollars wiping outtheir whole equity capitalwhich forced the firm tofile for chapter
11. Nevertheless they were right in the long rulCM mainly traded in fixed income and
derivative markets. But one of the ways tthaty lostmoney was on the Royal Dutch/Shell

equity arbitrage trade.

2.1.4.2 IndexChanges

The Standard and Poor’s 500 index is a portfolio of five hundred stocks representative for
the leading industries of the U.S. econortys known from hstorical data that the S&P

500 is a good proxy for the U.S. market development and therefore commonly used as a
benchmark for money manageFarthermore it is considered as an investable index since
individuals or institutions can easily invest their capital in the stocks of tleg.iktlom the
current total market value of twelve trilliddS$, approximately one trillion is indexed
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directly or indirectly to the S&P 500rhus changes to this index are widely recognized
Not all of the companies in the S&P 500 are large. In 2002 ofllyfiBms in the index
were also in the top 500 measured by market capitalizafibe median of the market
value of S&P 500 companies is approximately US$ 8 bigingal, 2004).

The S&P 500ndex modifications are always initiated by deletions of congzsan
due to major restructurings, like merger spinoff or bankruptcy Since the S&P 500
contains no no#tJS companies a deletion can also happen if a company which is already
member of the S&P 500 is acquired by a foreign corporation. Thenréplacedby
anotherfirm. Furthermorecompaniesmay be deleted by Standard and Poor’s if they no
longer represent & economy. This can happen either iéithindustryis no longer
representative of the U.S. economrybecause the firm is no longer representativéhef
industry. Usually the number of companies in the S&P 500 index is maintained at five
hundred. Thuadditions to the index are typically announced at the same time as deletions.
There are four general criteria developed by Standard and Poor’s sesvimgrequisite

for a company to be selected as an index inclusion candidate (according to Singal, 2004):

» The firm must have sufficient liquidity
* The formof ownership must not be concentrated in a single or few entities
* The company must be profitable

* The firm must be a leader in an important U.S. industry

There is no explicit market capitalization mentioned as threshold for a firm to be added. In
2002 the market capitalization of added firms was at least US$ four bllinoe many

firms meet the critga mentioned Standard and Poor’s can make changes to the index
subjectively. Nevertheless big investment banks and other market observers regularly try to
predict the expected changes to the inchexe or less successfullyor examplet the end

of Febriary 2002 Lehman Brothers identified nineteen companies as candidates for index
addition and ten for deletion. Six months lag&actlyfour of the nineteen firms had been
added and two of the ten firms had been deleted. Since the prediction of the imigasch

is difficult the focus here is on market effects after the announcement of changes by
Standard and Poor’s. Usually chandgesthe S&P 500 indexare amounced after the
market closes, while they take place at the close of the announcedlldatéme lag

between the announcement and the effective date varies from one day to one month with
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infrequent lags of up to three months. Typically the effective datedmredat the initial
announcement, sometimes a few days after
There aresubstantial reasorier a company to be affecteshdwhy a change to the

S&P 500 index is a significant event (according to Singal, 2004):

* An addition to the indexindicates an additional demand for the stock of
approximatelyl/12or ~8 percent of the outstanding sharesesithe value of assets
that track the S&P 500 index is about US$ 1 trillion, while the total market value of
all U.S. stocks is about US$ 12 trillion.

* Publicity stimulated by the additiowill cause more investors to learn more about
the company and eventlyainspire them to trade.

* More analysts will follow the newly added firm because of the increased interest of
investors.

* There will be increased trading in the firm, makirgstockmore liquid.

The effect of index changes on the stock price can bedesstibedoy viewing different
historical periods. Until August 1978tock indexing was not considered important or
popularandno public announcements were madéerefore nothing abnormal happened

to the stock priceeither on the first trading day aftan announcement or after that
September 1976 Standard and Poor’'s began to officially announce index changes to
interested investors, the media, and particularly mutual fund managers. In this period
changes were announced after market close on Wedsesdaile the change to the index
became effective the next morning after opening. Because index fund matrggers
minimize the tracking erropwhich equals the difference between the return of the fund and
the return of the indexaf their fund they magt buy the stock at the time of its addition to

the index. During this second period (1976 to 1989) the stock price went up abnormally
immediately after the announcememdarris and Gurel (1986) and Shleifer (1986)
document thigemarkablemarket anomalyn their early studies. Y\én a stock is added to

the S&P 500index its priceincreases dramaticallyy an average of 3.percentand much

of this jump is permanentloreover the stock’s prideehaviortracks the S&P 500 index’s
return for the next three @ldar months. In general for the first two periods there is no
empirical evidence that deletions of stocks from the S&P 500 index have an impact on

price.
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Since the market for index funds grewmpressivelythe buy orders from these funds
at theopening ofthe market increased order imbalances and volatilityOctober 1989
Standard and Poor’s started to preannounce the intended S&P 500 index changes to help
prevent order imbalanceBor this period from 1989 to 2000index additions shoed big
abnormal dects. In general the excess return following the announcementvesits.3
percent on averagé&urthermorehe returnincreasd to 8.4 percent on the effective date,
falling back to the announcement date return about twenty trading day#\latemarkabé
example was the addition of Yahoo to the index since its shares jumpedbyc2atin a
single day. This agaiwas clear evidence of a mispricing. The share price cliargen
though its fundamental valueddnot. Standard and Poor’s padtout that hey basically
tried to make their ndex representative of the U.S. economy and not to suggest any
information about the state or riskiness of a company’s future ftash (Barberis and
Thaler, 2003)

In the period from 1989 to 2000 deleted companies deddasd.4 percent in
their stock pice on the dayfahe announcement. Then theyl fnother 4.9 percent by the
effective date resulting in a total loss of 10.3 percent. Followed by a rebound back to a net
loss of 3.3 percent in the next twenty days they finally eghamother 2.6 percersixty
days after the effective date of the index deletion. Thus the net effect on stock price of
deletions is almost zemmn averageFigure 2 shows an example.
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Figure2: Changes to the S&P 500 Inddle cumulative return frorthe day of the index change
announcement to the effective date and until twenty days after the effective date is shown for

additions and deletions from the S&P 500 index during 2001 (from Singal, 2004).

Some researchers argubat the price increasmight be rationally explained through
information or liquidity effectsNevertheless recent research liKaul, Mehrotra and
Morck (2000) sbstantiatethe notion of a market anomaly due to irrational mispricings.
They documenthe case of the TS3@anadian egjtiesindex which in 199@&djustedthe
weights of some of its stocks to meehdd regulatory requiremenbDespite that harmless
adjustmenthe reweighing was accompanied by sfggant price effectsinformation and
liquidity explanations for the priceinps are extremely implausible in this casee the
affected stocks were already in fhdex at the time of the event

The effect of mdex inclusionsas deviation from fundamental valuepresents
evidence of limited arbitragé hus there areisks invdved when an arbitrageur fies to
exploit the anomalyand so the mispricing tends to persistbitrageurs wouldshort the
included security and @ke a long position on @ood substitute securityThere is
substantial fundamental riskinvolved because indidual stocks rarely have good
substitutesFurthermore an investor who trades with this strategy lsgn#ficant noise
trader risk Thus the price may increase even further in the short run. For exdaipmés
share price took offrom US$ 115 prior toits S&P 500 indexinclusionannouncement to

US$ 210 just onemonth later Additional support for the limited arbitrage notion of S&P
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500 index inclusions is provided Murgler and Zhuravskaya (2002)heystatethat the
jump after a stock’sndexinclusion should beoarticularly large for stocks with the worst
substitute securitiesince br those stocks the arbitragsuld beriskiest.To prove their
hypothesis theyonstruct the best possibseibstitute portfolio for each included stock
Their resultsreveal strong support for their hypothesis. Furthermore their analysvgs
how hard it is todiscovera good substitute secuwyitfor an individual stock.Moreover
Wurgler et al. (2000) demonstrate that for nregiressions of included stock returns on the
returns ofthar best substitute securitigbe regression parameter goodness of R¢)(is
below 25percent

But there is also evidence that does not support the impsdbstitutes
explanation. First there is no relation between the level of indexidghe price impact for
the post 1976 periods. If the hypothesis of imperfect substitutes theldshe greater the
demand shock the greater the price impact should be. There is no empirical evidence for
that to happen. Second the imperfegbstitutesexplanation should affect both index
additions and deletions. But firms deleted from the S&P 500 index do not have a
permanent price impact. Thus this explanatdwes notseem to be the only answer
(Singal, 2004).

Investor awareness amvestorrecognition of a company through S&F06 index
addition can improve its access to capital markets and its operating performance due to
increased monitoring by investors. Thus the additional capital and the improved efficiency
will allow the company to grow at a highrate than that prior to the inclusion in the index.

For index deletions investors are not able to become “unaware” of the stock. But they may
reduce their holdings. Thus the investor recognition hypothesis supports an asymmetric
effect since additionsdve a positive price impact and deletions have a muted impact on
prices. Empirical evidence is consistent with this predictibarthermore investor
recognition can explain that there was no price impact on stocks added or deleted to the
S&P 500 index bef® 1976. Since there were no public announcements of index changes
investors could not become aware of the stock and therefore there was no price impact.
The same effect happens on prominently featured stockhe media.They tend to
become more widelydid which results in an increase of the stock price. Thus investor
recognition is an important factor for security pricing. However, it is popularly believed

that the explanation of imperfect substitutes is the more appropriate one. But the investor
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recogrition hypothesis is the one most consistent with the empirical evidence (Singal,
2004).

2.1.4.3 Initial Public Offerings

“Santa Clara, Calif.— March 2, 2000— 3Com Corporation (Nasdaq: COMS).
Following today's successful initial public offering of stock in Pdime,, 3Com
reconfirmed its intention to complete a spiti of the remaining shares of Palm
owned by 3Com in approximately six months. 3Com owns approximately 532
million shares, or approximately 95%, of Palm. There are currently approximately
349 million shares of 3Com common stock outstanding. Final approval of such
distribution will be made by 3Com's board of directors based on the number of
shares outstanding of each company at the time of the distribution. However, if
such ratio were to be calculatedased on today's outstanding shares, 3Com
shareholders holding 3Com stock as of the distribution date would be eligible to
receive approximately 1.5 shares of Palm for each share of 3Com. The Palm initial
public offering will close on Tuesday, March 7.”

3Com press relese, March2", 2000

On March the %, 2000, 3Com Corporation successfully sl percentof its entirely
owned subsidiary Palm Inc. in an initial public offerii@O). A shareholder of 3Com
Corporationindirectly owned 1.5 shares of Palimc. after the IPO. FurthermorgCom
Corporationalso announced its intention to spirf tifie remaining 95ercentequity of
Palm Inc. withinthe nextsix months. Thereach 3Com shareholderould receivel.5
shares of Palm.

On thefirst day after the IP@Palm sharestiad a value ofJS$ 95 at the close of
trading. Considering the ratio of 1.5 thiowid result ina lower bound on the value of
3Comof approximatelyUS$ 143 per shareln fact 3Com’s price wadS$ 81 at thattime.
Thus thisimplies a market valation of 3ComCorporatiors substantial businesses outside
of Palm of aboutUS$ -60 per share.Those conditions definitely represent a severe
mispricingof 3Com Corporation, whicpersisted for severateeks.An arbitrageumwould
buy one share of 3Comhile shoring 1.5 share®f Palm Then he wouldwvait for the
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spinoff, when he willearn certain pifgs at no cost. This strategyolvesno fundamental
risk and no noise trader rigBarberis and Thaler, 2003).

The results oLamont and Thaler (2003)vho analyzel this case in detajlsuggest
that implementationcosts were the mainfactor for the limitations of arbitrage and
therefore the persistence of the 3Com mispricingestors who tried to borrow Palm
Inc.’s shares tdake ashortpositionwere eitler told by their broker that no shares were
available or were quoted\gery high borrowing priceThese shorting barriers were not
legal but they arose endogenously in the market. The demand for shorting Palm was so
huge that the suppliers of Palm shortsrevunable to meet it. Arbitrage was therefore
limited and the mispricing persisted.

Stephen A. Ross, a serious critiche@havioal finance, confirmed the illiquidity of
Palm shorts and other market anomalies from his own experience as a fund manager at h
public lecture “A Neoclassical View dBehavioal Finance and the Closé&thd Fund
Puzzlelmplications for Asset Management® at Bank Gutmann, Vienna, Audtdanuary
the 2F', 2004. Ross is also a principal of Roll and Ross Asset Management Corporatio
which employs technology that Ross helped develop to manage over $3 billion in
investments worldwide.

Mitchell, Pulvino and Stafford (2002¢xamine thebarriersto arbitrage in 82
situations between 1985 and 2000, where the market value of a compesy tlkants
ownership stake in publicly tradedsubsidiary These situations suggest clear arbitrage
opportunities and provide an ideal setting in whiditchell et al.are able to analyztne
risks and market frictions that prevent arbitrageurs frommewhiately forcing prices to
fundamental valueAs a resultheyfind thatthere are costs that limit arbitrage in equity
markets, which keep market forces from maintaining prices at their fundamental values.
Mitchell et al. report thator 30 percent oftte sample, the link between the parent and its
subsidiary is severed before the relative value discrepancy is corrécteddermore,
because of forced liquidation to satisfy capital requiremémy,estimate that the returns
to a particular arbitrageurwould be 50percentlarger if the path to convergence was
smooth rather than observed. Uncertainty about the distribution of returns and
characteristics of the risks appear taabémportantlimit to arbitrage

Ofek and Richardson (2008xplore a model &sed on agents with heterogenous

beliefs facing short sales restrictiottsexplan the rise, persistence, and fall ioternet
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stock pices. If a group of investors enters the market or becomes very optimistic then
stock prices can rise quite dramaticalBessimistic investorare requiredo short these
»overvalued stocks but are prevented from doingssacethey wereoverrun by the size

and volume of optimistic trading. While thign explain any type of inflated stock price
level in the context of ited arbitrage, it seems especially suited to sttitiisare subject

to short saleonstraints and heterogeneous investofek and Richardsomvestigate this
theory by looking at théehaviorof internet stock prices during the extraordinary asset
pricing period from January 1998 to February 2000. They provide three important
findings

* Using evidence on short sales, rebate rates, and option pairsddbagnent
substantial short satestrictions for internet stocks.

* With data on internet holdings ardock tradesaround IPGrelated events ith
shifting investor clientelethey are able to show a link between heterogeneity and
price effects for internet stocks.

» They provide a detailed look at the impact lockup expirationgehan internet
stock pricesBy arguing thatlockup expirations are equivait to loosening the
short saleconstraint,Ofek and Richardsoreportaverage, longun excess returns
as low as-34 percent for internet stocks péstkup. Moreover, the lonrgun
impact of the lockup expiran is related to gradual insider selling throughout the

period.

These examplesre notisolated caseswith little relevance. TheRoyal Dutch/Shell
mispricing demonstrateshat in situations where arbitragedexze only one type of risk
(noise trader risk securities can become mispricbg almostup to 35 percent This
suggests that if a typical stock trading on them\ ork Stock Exchangeor NASDAQ
becomes subject to investor sentiment, the mispricing cawédbe a magnitude larger.
Arbitrageurswould thenfacenot onlynoise trader risk in trying toorrect the mispricing,
but fundamental risk as well, not to mention implementatmsts.
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2.1.5 Discussion

The Efficient Markets Mpothesis has been the central proposition of finance in the last
three decadeShleifer, 2000)According to the Efficient Markets Hypothesis competition
between investors seeking abnormal profits drives asset prices to their correct fundamental
value. While the hypothesis does not assume that all investors are rational, it gestimes
markets are rational. Furthermore tBHicient Markets Hypothesidoes not assume that
markets can foresee the future, but it does assume that markets make unbiased forecasts of
the future (Ritter, 2003).

In his now classic paper Fama (1970) defimacefficient financial market as one in
which asset prices alwayserfectly reflect the available informationfFurthermore the
Efficient Markets Hypothesis states that reabrld financial markets are actually efficient
according to this definition. The b radical implication of theEfficient Markets
Hypothesisis that itrejects the possibilitpf trading strategies basaoldy on currently
available informatiorand has expected profits or returns in excess of equilibrium expected
profits or returrs (Fama, 1970)Thus an investor, whether an individual, a pension fund, or
a mutal fund, is not able to consistently beat the market. Moreover all resources that such
investors dedicate to analyzing, picking, and trading securities are wasteanoshe
excellet strategy theEfficient Markets Hypothesisupports, is a passively held market
portfolio (no active money management at,adince the market truly knows begt the
first decade after its development in the 1960s,Efficient Markets Hypothesiturned
into an enormous theoretical and empirical success. In 1978, Michael Jensen, one of the
creators of the&fficient Markets Hypothesjsstated that “there is no other proposition in
economics which has more solid empirical evidence supporting it tharffflogent
Markets Hyptheses” (Jensen, 1978, p. 95).

Shortly after this declaratioby Jensen, thdefficient Markets Hypothesisvas
challenged on both its theoretical and empirical foundatiBirst it is difficult to claim
that people in general, andvestors in particular, are fully rationdDr in the words of
Fischer Black (1986) they rather trade on noise than on information. But this seems only to
be the tip of the iceberg since investors’ deviations from the predictions of economic
rationality arehighly pervasive and systematic. Kahneman and Riepe (1998) summarized
that people deviate from the standard decision making model in a number of fundamental
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areas: attudetoward risk, norBayesian expectation formation, and sensitivity of decision
making to the framing of problemsn the next sections theory and empirical evidence of
the human inherent psychological biases will be reviewed.

Behavioal finance assumes thdinancial markets can be informationafl
inefficient under certain conditiondBut not all migricings are caused by psychological
biasessince sme are du¢o temporary supply and demand imbalances. For example the
“tyranny of indexing) cantrigger demand shifts that are unrelated to the future cash flows
of the particular companyln December 199¥ahoowas added to the S&P 500dex.
Thereforeindex fund managers had to buy the stegkn though it had a limited public
float. This extra demanigd to apriceincreasdyy over50 percentin oneweek ando over
100 percentin the following month. After eighteen months the stock price w@swn by
over 90percentfrom where it was shortly after being added to the S&B index(Ritter,
2003)

Arbitrageurs will usually take positions (shorting overvalued stocks or buying
undervalued stocksggnd eliminate misvaluations before they become too largef Bus
difficult to take these positiongyr exampledue to short sales constraints, or if theneds
guarantee that the mispricing will be corrected withiacaeptablegiime horizon then
arbitrageis limited and arbitrageussill not succeedb correct the mispricinglechnically,
an arbitrage opportunity exists when one can guarantee a profit by running a certain trading
strategy. For example arbitrageurs will go long in an undervalsset @nd short in an
overvalued asset. Unfortunately in practice, almost all arbitrage activity is risky arbitrage.
Thus arbitrageurs tend to trade on opportunities where the expected profit is high relative
to the involved risks or if the risks are tooda arbitrageurs may even choose to avoid the
markets where the mispricing is most significant (Ritter, 2003).

For example, this happenedpeciallyin large marked, such as the Japanese stock
market in the late 1980s or the US market for technology stackthe late 1990s.
Arbitrageurswho shored Japanese stocks in ml®87 and hedgkby going long in US
stockswere right in the long runNeverthelesshey lost huge amounts of money in
October 1987 when thdS stockmarket crashed by more than the Jasastockmarket
(because of Japanese governmiamgérvention). Moreover f the arbitrageurdrade on
limited funds,which is a realistic assumptiothey would be forced t@ven uptheir

positions just when the relative mpricings werethe greatest. Corersely thisresuled in
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additional buyingpressure for Japanese stocks just when they were most overvalued
(Ritter, 2003).

To analyzethe implications ofmarket efficiencyfor real marketstiis useful to
divide market relatecevents into twadifferent caiegories First high-frequencymarket
events, whichoften take placeand are support for the evidence of efficient markets.
Therefore it is hard to find a trading strategy that is reliably profitable and mutual fund
managers regularly struggle to beat thinchmarksThe fcondgroup ardow-frequency
events, whicthappenonly infrequently andt may take a long timéor marketsto recover
from them The evidencefrom low-frequencyeventsdoes not support market efficiency.

According to Ritter (2003)»anples oftheseenormous misvaluations incled

* The undervaluation of worldiide stock markets from 1974 to 1982.
* The Japanese stock price and land price bubble of the 1980s.

« The Taiwanese stock price bubble that peaked in February 1990.
* The October 1987 stkanarket crash.

* The technology, media, and telecom (TMT) bubble of 120Q0.

2.2 Psychology of Decision M aking

In contrast to the neoclassical economic apprdsettavioal finance relies on models in
which some agents are not fully rational, either becauséhaf boundedy rational
preferences or because of their mistaken be(iefsguidedbeliefs occur because people
are bad Bayesians Thus the behavioal finance approach suggests that stock market
participants suffer from certain psychological biases.example they underor overreact
to news; they can be overconfident about their private information; they are risk and loss
averse they put to much weight on recent information in their decjstoron the other
hand they are too conservativExtensve empiricalevidencefrom financial markets and
innumerablepsychological laboratory experiments build the foundatioh behavioal
finance. For examplef people are loss averse, a $2 gain might make people feel better by
as much as a $1 loss makestfeel wose (Ritter, 2003).

The theory of limited arbitrage illustrated that if irrational traders cause deviations

from fundamental value, even rational traders may often be ineffective in correcting the
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emergedmispricings.To analyze thestructure of hese deviationg is useful to viewthe
systematic biases that arise whengledorm beliefsor to view peoples preferencedt
should beemphasizé here that behavioal models do not need to make extensive
psychological assumptions in order to genetagtable predictionBarberis and Thaler,
2003).For examplethe theory of closeénd fund pricing (Lee, Shleifer and Thal#891)
makes numerous predictions using only the assumptions that there are noise traders with
correlated sentimesitn the ecoomy, and that arbitrage is limited.

According to Rabin (2002a) there are many assumptions that economists often
make of human nature that are not supportedblehavioal and psychological research.

These include the assumptions that people

* are Bayesian imirmation processolsee sectio.2.1.9
* have welldefined and stable preferences

* maximize their expected utility

e exponentially discount future webeing

» are seHinterested

* have preferences over final outcomest changes

* have only instrumental/functional taste for beliefs and information

Some of the above assumptions have always been subject to doubt, while others are treated
as core axioms. And some assumptions are not treated asxgmresin principle, ba are
pervasively maintained in all actual economic asedy The goal obehavioal finance is

to investigate behavioally grounded departures from these assumptions that seem
economically relevant. For a more concrete frame of reference, it is usehngwler the
following formulation of the classical economic model of individual choice, where
uncertainty is integrated as probabilistic states of the world, and the assumption that the

person maximizes expected valsencorporatedequation 1):

Max Y (s)U (Xs) (1)

While X denotes the choice set, S is state spesg,are the person’s subjective beliefs
updated using Bayes’' rule, and U are stable, -defined preferences. Furthermore
equation(l) assumes even m basic assumption$or exanple, that people formulate
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beliefs even when no “objective” probabilities are available, and that these beliefs are
correctly updated according to the laws of probability. Economic models almost always
include additional strong assumptions such as “ratiexpectations” and common priors.

From this characterization of the neoclassical model, it is useful to categorize

psychological phenomena into three categdiRain, 2002a)

» Heuristics and biases in judgment regarding to how people really form thefs,be
implying that their beliefg(s)# n(s). For further descriptioneesection2.2.2

* New assumptions about preferencegarding the shape tiie functionU(x|s)in
equation(1) (evidence described secton2.2.3.

» Lack of stable utility maximization questioning thapeopledo really maximize

according to equatiof?) (described irsection2.2.4).
Max > p(s)U (Xs) (2
AT

In the next sectionsthe extensive experimentdindings compiled by cognitive
psychologistswill be reviewed. Thesarealsocrucial to explain the emergence of market

“anomalies”(chapter2.3).2

2.2.1 Heuristics

Heuristic is the art and science of discovery and invention. The word comes from the same
Greek root (evpiokw) as “eureka”, meaning "to find." A heuristic for a given problem is a
way of effectively directingone’s attention to a solution. It is dérent from an algorithm

in that it merely serves as a rule of thumb or guideline, as opposed to an invariant
procedure. Heuristics may not always achieve the desired outcome, but can be extremely
valuable to problersolving processes. Good heuristics caamatically reduce the time

required to solve a problem by eliminating the need to consider unlikely possibilities or

2 Interestingly, psychology of decision making seems to be an issue not only important to
psychologists or economists. Even the CIA reports on cognitive biases in human decision making
(see Heuer, 1999).
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irrelevant states. The mathematician George Polya popularized heuristics in the mid
twentieth century in his book “How to Solve It: A Nedspect of Mathematical Method”
(Polya, 1945). He was motivated by his experiences in mathematics education where
students are taught mathematical proofs, without learning techniques to formulate proofs
themselves. “How to Solve It” is a collection of idegbout heuristics that he taught to his
students to teach them efficient ways of looking at problems and methods to find solutions
very quickly.

In psychology, heuristics are simmadefficient rules of thumb that people use to
make decisions, typicallwhen facing complex problems or incomplete information. These
rules work well under most circumstances, but in certain cases lead to systematic cognitive
biases. For example, people may tend to perceive more expensive beers as tasting better
than inexpenige ones. This finding holds even when prices and brands are switched;
putting the high price on the normally relatively inexpensive brand is enough to lead
experimental subjects to perceive that beer as tasting better than the beer that is normally
relatively expensive. One might call this bias the “price implies quality” bMsch of the
work of discovering heuristics in human decision making was ignited by Amos Tversky
and Daniel Kahneman, who shared a significant influencleetsavioal finance (segefor
example Kahneman, Slovic and Tversky, 1982).

The Gestalt psychologists Karl Duncker and Wolfgang Koehler preserved the
original Greek definition of “serving to find out or discover” when they used the term to
describe strategies such as “looking adfuand “inspecting the problem” (seéor
example Duncker, 1945). For Duncker, Koehler, and some later theorists, including
Herbert Simon (1955), heuristics are strategies that guide information search and modify
problem representations to facilitate smos. From its introduction in the early 1800s up
until about 1970, the termheuristic§ has been used to refer to useful and crucial
cognitive processes for solving problems that cannot be handled by logic and probability
theory (see for example PolyE954; Groner, Groner, and Bischof, 1983).

In the past 30 years the definition of heuristics has changed almost to the point of
inversion. In research on reasoning, judgment, and decision making, heuristics have come

to denote strategies that prevent or@nfrfinding out or discovering correct answers to

% Heuristic (2004, Decemberl5). Wikipedia: The Free EncyclopediRetrievedDecember 212004, from
URL: http://en.wikipedia.org/wiki/Heuristic
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problems that are assumed to be in the domain of probability theory. From this point of
view heuristics are poor substitutes for computations that are too demanding for ordinary
minds to be carried out. Hasitics have even become associated with inevitable cognitive
illusions and irrationality (PiatteliPalmerini, 1994). This newiew of heuristics as poor
surrogates for optimal procedures emerged in the 1960s when statistical procedures such as
analysis ofvariance and Bayesian methods became established as the psychologist
methods. These and other statistical tools were transformed into models of cognition and
soon cognitive processes became viewed as mere approximations of statistical procedures
(Gigerenzer, 1991 and 2000). For example, when Edwards (1968) and his colleagues
concluded that human reasonirgrebt complywith Bayes'’s rule (see secti@®.1.9 they
proposed that actual reasoning is like a defectBayesian computer with wrongly
combined values (misaggregation hypothesis) or misperceived probabilities (misperception
hypothesis). The view that mental processes are “poor replicas” of scientific tools became
widespread (Kelley, 1973, p. 109):

The asumption is that the man in the street, the naive psychologist, uses a naive
version of the method used in science. Undoubtedly, his naive version is a poor
replica of the scientific one incomplete, subject to bias, ready to proceed on
incomplete evidem; and so on.

ANOVA, multiple regression, firsbrder logic, and Bayes'’s rule, among others, have been
proposed as optimal or rational strategies (see Birnbaum, 1983; Hammond, 1996; Mellers,
Schwartz, and Cooke, 1998), and the térheuristic§ was adopté to account for
inconsistencies between these rational strategies and actual human cognitive processes. For
example, the representativeness heuristic (see s&tBoh2, introduced by Kahneman

and Tversky (194 and 1996)was proposed to explain why human inference is like
Bayes’s rule with the base rates left out (see Gigerenzer and Murray, 1987). The common
procedure underlying these attempts to model cognitive processes is to start with a method
that is cosidered optimal, then to eliminate some aspects or calculations, and propose that

the mind carries out this naive version (Goldstein and Gigerenzer, 2002).
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2.2.1.1 NaiveDiversification

Heuristics are simple rules of thumb that make human decision making easier.
Nevertheless they can sometimes lead to cognitive biases, especially when people are
facing complex problems. These psychological biases can lead to suboptimal investment
decisions. For examplevhen faced witm choices for how to invest money, many peopl
allocate using the “1/n rule”. If there are three funds-tbire goes into each. If two are

stock funds, twehirds goes into equities. If one of the three is a stock fundiloriegoes

into equities (Ritter, 2003).

Recently Benartzi and Thaler (209 have documented that when people diversify,
they do so in a naive fashion. Thus many follow the “1/n rule”. Benartzi and Thaler
investigated people’s diversification decisions regarding defined contribution saving plans
and privatized social security gols. There is a worldwide trend towards defined
contribution saving plans in which investment decisions are made by the plan participants
themselves (Employee Benefit Research Institute, 1997). Nevertheless there has been
expressed concern by economistd &nancial advisors about the quality of the decisions
being made by the participants (st exampleOlivia, Mitchell and Stephen, 1996). One
of the reasons for concern is the lack of financial sophistication in the general public
(Bernheim, 1996). Foexample, a survey by John Hancock Financial Services (1995)
found that the greater part of respondents thought that money market funds were riskier
than government bonds, and furthermore they felt that their own company stock was safer
than a well diverifed portfolio. Neverthelessit is possible that poorly informed
employees still make good investment decisions. Benartzi and Thaler (2001) found
evidence that participants made decisions that seem to be based on naive notions of
diversification. One exéme example they discuss is what they named the “1/n heuristic”.
Someone using this rule simply divides her contributions evenly among tpgions
offered in her retirement savings plan. Interestinghg use of the “1/n rule” has a long
history in asst allocation. Indeed, it was recommended in the Talmud. Wiritirehout
the fourth centuryRabbi Issac bar Aha gave the following asset allocation advice: “A man
should always place his money, a thirtbifand, a third into merchandisand keep a thdr

at hand.? There is anecdotal evidence that the rule is still in use. For example, for many

* The reference to the originAramaic is , Talmud Bavli, Baba Metzia 42a“.
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years TIAACREF, one of the largest contribution saving plans in the world, offered two
investments: TIAA (bonds) and CREF (stocks). The most common allocation of
contributions was 50:50, which was chosen by about half of the participants (Samuelson
and Zeckhauser, 1988; TIABREF, 1997). In fact, Harry Markowitz, a pioneer in the
development of modern portfolio theory, states that he used this rule himself tiesjus

his choice on a psychological basis: “My intention was to minimize my future regret. So |
split my contributions fiftyfifty between bonds and equities” (Zweig, 1998).

Benartzi and Thaler (2001) are able to show that a significant proportion of
investors follow the “1/n strategy”: they divide their contributions evenly across the funds
offered in the plan. Consistent with this naive notion of diversification, they find that the
proportion invested in stocks depends strongly on the proportion offsiwd& in the plan.

In particular, Benartzi and Thaler provide evidence that in 401(k) plans, many people seem
to use strategies as simple as allocating 1/n of their savings to each rofattadlable
investment options, whatever those options are. Sonueree that people make their
decisions according to this heuristic comes from the laboratory. Benartzi and Thaler ask
subjects to make an allocation decision in each of the following three conditions: first,
between a stock fund and a bond fund; nextwéen a stock fund and a balanced fund,
which invests 50 percent in stocks and 50 percent in bonds; and finally, between a bond
fund and a balanced fund. They find that in all three cases, a 50:50 split across the two
funds is a popular choice, althoughaafurse this leads to very different effective choices
between stocks and bonds: the average allocation to stocks in the three conditions was 54
percent, 73 percent and 35 percent, respectively. The 1/n diversification heuristic and other
similar naive divesification strategies predict that in 401(k) plans whacbdominantly

offer stock funds, investors will allocate more to stocks. Benartzi and Thaler test this in a
sample of 170 large retirement savings plans. They divide the plans into three grodps base
on the fraction of offered stock funds (low, medium, and high). The allocation to stocks
increases across the three groups, from 49 percent to 60 percent to 64 percent, confirming
the initial prediction (Barberis and Thaler, 2003).

There are two ways iwhich such naive diversificatiobehaviorcould be costly
compared to an optimal asset allocation strategy. First, investors might choose a portfolio
that is not on the efficient frontier according to the rreamance portfolio selection

theory (Markowitz 1952).Secondy, they might pick the wrong point along the frontier.
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The cost of the first type of error is usually quite small. Even the very naive 1/n
strategy will end up with a portfolio that is reasonably close to some point on the frontier.
For exanple, Canner, Mankiw and Weil (1997) show that the popular advice of financial
planners, which is inconsistentith traditional models of portfolio selection, results in
portfolios that are only 20 basis points below the efficient frontier. Particulbdy,gaper
examines popular advice on portfolio allocation among cash, bonds, and stocks. It
documents that this advice is inconsistent with the muitunel separation theorem (Tobin,
1958), which states that all investors should hold the same compasditisky assets. In
contrast to the theorem, popular advisors recommend that aggressive investors hold a
lower ratio of bonds to stocks than conservative investors. The paper explores various
possible explanations of this puzzle. It concludes that théoportecommendations can
be explained if popular advisors base their advice on the unconditional distribution of
nominal returns. It also finds that the cost of this money illusion is small, as measured by
the distance of the recommended portfolios frtwe tnearvariance efficient frontier. In
contrast to Canner, Mankiw and Weil (199Byennan and Xia (1998) are able to show
that the variation in the ratio of bonds to stocks recommended by financial advisors is quite
consistent with a model of portfoligpbmization in a dynamic context. The reason for the
violation of the separation principle is that bonds are not just any risky asset but have the
particular property that their returns covary negatively with expectations about future
interest rates. Thisovariation is important for an investor with a nyglériod horizon, as
the classic paper of Merton (1973) recognizes. Thus the apparent inconsistency between
the Tobin Separation Theorem (Tobin, 1958) and the advice of popular investment
advisors as ponted out by Canner et al. (19979 shown to be explicable in terms of the
hedging demands of optimising lotgym investors in an environment in which the
investment opportunity set is subject to stochastic shocks.

On the contrarythe second inefficielg picking an inappropriate point on the
efficient frontier can potentially be quite significant. Brennan and Torous (1999) consider
the following example in their paper. They consider an individual with a coefficient of
relative risk aversion of two, wtth is consistent with the empirical findings of Friend and
Blume (1975). Then they estimate the loss of welfare from selection of portfolios, which
do not match the assumed risk preferences. Assuming an investment horizon of twenty

years, an investor whaveiched from an equity dominated investment strategy (80 percent
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in stocks) to a bondch plan (only 30 percent in stocks) would suffer a utility loss of 25
percent. If the horizon is increased to 30 years then the welfare loss can be up to 40

percent. Tis indicates significant costs for the investor.

2.2.1.2 RepresentativeessHeuristic

As mentioned beforeheuristics enable decision making with the advantage of reduced
mental effort but they may lead to systematic biases and errprdgment Many of the
dedsions people make are based on beliefs concerning the chances of uncertain events.
They may be confrited with such events every dayor example they are asked to
predict the outcome of an election, to determine the guilt of a defendant, anticipate the
future value of the Canadian dollar, assess the likelihood of a person being thought
disordered, etc. In answering such questions, people typically rely on the
representativeness heuristic. This mental strategy involves examining the degree to which a
peron, object, or process matches an ideal or representative model. When an event is
judged to have several features which are similar to an “ideal” or prototype model, the
mind concludes that the event is more likely to be member of this particular graug. Th
under the representativeness heuristic, things are judged as being similar based on how
closely they resemble each other using prima facie, superficial quatitilesr than
essential characteristics.

The representativeness heuristic was first ideatiby Daniel Kahneman and Amos
Tversky (1974). They document that when people try to determine the probability that a
data set A was generated by a model B, or that an object A belongs to a class B, they often
use the representativeness heuristic. Thisnsi\¢laat they evaluate the probability by the
degree to which A reflects the essential characteristics of B. In many cases
representativeness is a helpful heuristic, but it can generate some severe biases (see
example BeckBornholdt and Dubber2001 ad 2003, who strikingly describe many real
life applications):

® Representativeness heurist{f004 November 29 Wikipedia: The Free EncyclopedisRetrieved
December 212004, fromURL: http://en.wikipedia.org/wiki/Representativeness_heuristic
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* People are insensitive to prior probability of outcomes. Thus they ignore the
preexisting distribution of categories or base rate frequencies.

* People are insensitive to sample size. This imape that they draw strong
inferences from a small number of cases.

» People have a misconception of chance, also known as the Gambler’s Fallacy. That
is why they think chance will “correct” a series of “rare” events.

» People have a misconception of regressi®o they misjudge “rare” events since

they deny chance as a factor causing extreme outcomes.

The first mentioned bias is base rate neglect. To illustrate, Kahneman and Tversky (1974)

present this description of a person named Linda:

Linda is 31 years Id, single, outspoken, and very bright. She majored in
philosophy. As a student, she was deeply concerned with issues of discrimination

and social justice, and also participated in anticlear demonstrations.

When people were askedhether“Linda is a bak teller” (statement A) or “Linda is a

bank teller and is active in the feminist movement” (statement B) is more likely, subjects
typically assign greater probability to B. According to probability theory this is incorrect.
Representativeness provides enge explanation for this misdgment Since the
description of Linda sounds like the description of a feminist, in other watds is
representative for a feminist, subjects tend to pick B rather than A. In contrast, Bayes’
theorem (see equation 3) smtthat people judge incorrectly since they put too much
weight on p(description | statement B), which captures representativeness, and too little

weight on the base rate, p(statement B).

p(description| statement B)p(statement B)

p(description) 3)

p(statement B | description) =

Bayes' theorem is named after the Remd Thomas Bayes (17®1). Bayes worked on
the problem of computing a distribution for the parameter of a binomial distribution. His
work was edited and presented posthumously (1763) by his friend Richard Price, in “An
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Essay towards solving a Problem fine Doctrine of Chances.” Bayes' results were
replicated and extended by Laplace in an essay of 1774, who apparently was not aware of
Bayes' worké

Representativeness also leads to another h#mselysample size neglect. Human
judges tend to underrate completely ignore base rate information and focus instead on
single case information or untested personal experiences., Then judging the
likelihood that a data set was generated by a particular model, people often fail to take the
size of the samplento account. Since a small sample can be just as representative as a
large one, six tosses of a coin resulting in three heads and three tails are as representative
of a fair coin as 500 heads and 500 tails are in a total of 1000 tosses. Representativeness
states that people will consider the two sets of coin tosses equally informative about the
fairness of the coin, although the second set is much more significant.

Sample size neglect implies that in cases where people do not initially know the
datageneréing process, they will tend to infer too quickly on the basis of too few data
points. For example they will believe thatimancial analyst with four good stock picks is
talented althoughfour successes are not representative of a bad or average dhalgst.
generates a “hot hand” phenomenon. For exanggerts fans become convinced that a
basketball player who has made three shots in a row is on a hot streak and will score again,
even though there is no evidence of a hot hand in the data (Gildaltbne and Tversky,

1985). This belief that even small samples willfleet the properties of the parent
population is sometimes known as the “law of small numbers” (Tversky and Kahneman,
1971; Rabin 1998 and 2002b). Assume that people will judge a coin to be unfair if heads
comes up80 percent of the time. It is easier to make this judgment based on five coin
tosses than on 20 coin tosses. In summary, people will persistently use a representative
strategy without evaluating the sample size that the information is drawn from.

When pegple do know the datgenerating process in advance, the law of small
numbers can lead to a Gambler’'s Fallacy effect. For exanfigdair coin generateive
heads in a row, people will claim that “tails are due”. Because they believe that even a
short sample should be representative of the fair coin, there have to be more tails to

balance out the large number of heads (Barber¢s Hmaler, 2003). Kahneman and

® Bayes' theorem (2004 ovember D). Wikipedia: The Free EncyclopediRetrieved December 21, 2004,
from URL: http://en.wikipedia.org/wiki/Bayes%27_theorem
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Tversky (1974) also claim that people have difficulties in identifying truly random
sequences. As people expect more alternations than are likely to exist in a random
sequence, they expect midavel instances of ralomnessa be representative oAndom
sequences over a longer number of trials.

Recently Griffiths and Tenenbaum (2004) have outlined a framework for
understanding the rational basis of the human ability to find structure embedded in noise,
viewing this inferencen terms of the statistical problem of model selection. Solving this
problem for small datasets requires two ingredients: strong prior beliefs about the
hypothetical mechanisms by which the data could have been generated, and a rational
statistical inferace by which these hypotheses are evaluated.

Griffiths and Tenenbaum state that people are extremely good at finding structure
embedded in noise. This sensitivity to patterns and regularities is at the heart of many of
the inductive leaps characteristic lmiman cognition, such as identifying the words in a
stream of sounds, or discovering the presence of a common cause underlying a set of
events. These acts of everyday induction are quite different from the kind of inferences
normally considered in machidearning and statistics: human cognition usually involves
reaching strong conclusions on the basis of limited data, while many statistical analyses
focus on the asymptotics of large samples. The ability to detect structure embedded in
noise has a paradasl character: while it is an excellent example of the kind of inference
at which people excel but machines fail, it also seems to be the source of errors in tasks at
which machines regularly succeed. For example, a common demonstration conducted in
introductory psychology classes involves presenting students with two binary sequences of
the same length, such as HHTHTHTT and HHHHHHHH, and asking them to judge which
one seems more random. When students select the former, they are told that their
judgments a irrational: the two sequences are equally random, since they have the same
probability of being produced by a fair coin. In the real world, the sense that some random
sequences seem more structured than others can lead people to a variety of erroneous
inferences, whether in a casino or thinking about patterns of births and deaths in a hospital
(Kahneman and Tversky, 1972).

When assessing the randomness of binary sequences which involves comparing
random and regular sources, people’s beliefs about theenafuregularity can be

expressed in terms of probabilistic versions of simple computing machines. Different
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machines capture regularity when sequences are presented simultaneously and when their
elements are presented sequentially, and the differencgedrethese machines provide
insight into the cognitive processes involved in the task. Analyses of the rational basis of
human inference typically either ignore questions about processing or introduce them as
relatively arbitrary constraints. Griffiths afdgenenbaum (2004) are able to give a rational
characterization of process as well as inference, evaluating a set of alternatives that all

correspond to restrictions of Kolmogorov complexity to simple gefpengdose automata.

2.2.1.3 Conservatism

Several psycholgists, including Edwards (1968), have identified a cognitive bias known

as conservatism. Conservatism states that individuals are slow to change their beliefs in the
face of new evidence. In other words, they anchor on the way things have usually been
(Ritter, 2003).

While representativeness (see secfiah 1.9 leads to an underweighting of base
rates, conservatism leads to overemphasized base rates relative to sample evidence. In the
experiment run by Edward4468), there are two urns, one containing 3 blue balls and 7
red ones, and the other containing 7 blue balls and 3 red ones. A random draw of 12 balls,
with replacement, from one of the urns yields 8 reds and 4 blues. When people are asked
for the probabity the draw was made from the first urn, most people estimate a number
around 0.7 (while the correct answer is 0.97). Thus people apparently overweight the base
rate of 0.5. At first sight, the evidence of conservatism stands in contrast to the
representiveness heuristic. Barberis and Thaler (2003) state that there may be a natural
way in which both fit together. It appears that if a data sample is representative of an
underlying model, then people overweight the data. On the other hand, if the datta is n
representative of any salient model, people react too little to the data and rely too much on
their priors. In Edwards’ experiment, the draw of 8 red and 4 blue balls is not particularly
representative of either urn, possibly leading to an overreliancerior information.
According to Ritter (2003) people might underreact because of the conservatism bias.
Conversely, if there is a long enough pattern, then they will adjust to it and possibly

overreact, underweighting the lotgyrm average.
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In particula, Edwards benchmarks a subject’s reaction to new evidence against that
of an idealized rational Bayesian in experiments in which the true normative value of a
piece of evidence is well defined. In his experiments, individuals update their posteriors in
the right direction, but by too little in magnitude relative to the rational Bayesian
benchmark. This finding of conservatism is in fact more pronounced the more objectively
useful the new evidence is. In Edwards’ (1968, p. 359) own words: “It turns out that
opinion change is very orderly, and usually proportional to numbers calculated from the
Bayes theorem but it is insufficient in amount. A conventional first approximation to the
data would say that it takes anywhere from two to five observations tondo o
observation’s worth of work in inducing a subject to change his opinions.”

Conservatism is extremely suggestive of the underreaction evidence described
above. Individuals subject to conservatism might disregard the full information content of
an earning (or some other public) announcement, perhaps because they believe that this
number contains a large temporary component, and still stick at least partially to their prior
estimates of earnings. As a consequence, they might adjust their valuation sfosttare
partially in response to the announcement. Edwards would describebshakiorin
Bayesian terms as a failure to properly aggregate the information in the new earnings
number with an investors’ own prior information to form a new posterior earnings
estimate. In particular, individuals tend to underweight useful statistical evidence relative
to the less useful evidence used to form their priors. Alternatively, they might be
characterized as being overconfident about their prior information (BarBétefer and
Vishny, 1998).

A different explanation comes from social psychology. There is a wealth of
research in psychology demonstrating that agents process information with the aid of
categories. The distinguished social psychologist Gordon Allpomarably noted, “the
human mind must think with the aid of categories. We cannot possibly avoid this process.
Orderly living depends upon it.” Ideas of categorical thinking and stereotyping have been
at the forefront of social psychology for five decadesa¢Me and Bodenhausen, 2002,
Markman and Gentner, 2001), but their potential has yet to be realized in economics. Fryer
and Jackson (2003) introduce a model of how experiences are sorted into categories and
how categorization affects decision making. Thsy show that specific cognitive biases

emerge from categorization. This intuition has even been imported into economics by
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Mullainathan (2001), who shows that such categorization models can lead to biased
estimates of probabilities. He presents a formatel that neatly reconciles the evidence

on underweighting sample information with the evidence on overweighting sample
information.

Recently Wilson (2004) introduced a model which explores the connection between
bounded memory and biases in informatiomcgssing. She shows that the optimal
memory rule may perform very poorly in the short run, and can explain several biases that
psychologists have observed. As a result, the aggpear to display a confirmatory bias,
which is the tendency to ignore imfoation that does not suppotheir impressions (see
also section2.2.2.3, and an overconfidence/underconfidence bias with the tendency to

infer too much from ambiguous information, too little from precise médron.

2.2.1.4 Anchoring and Adjustment

Kahneman and Tversky (1974) state thaten forming estimates, people often start with
some initial, possibly arbitrary value, and then adjust away from this reference point.
Additionally, Slovic and Liechtenstein (197provide experimental evidence that the
adjustment is often insufficient. They demonstrate that, in forming numerical estimates of
uncertain quantities, adjustments in assessments away from (arbitrary) initial values are
typically inadequate. Thus peoplenthor” too much on the initial value. Kahneman and

Tversky (1974, p. 1128) present the following example:

“Subjects were asked to estimate various quantities, stated in percentages (for
example the percentage of African countries in the United Natioms).e&ch
guantity, a number between 0 and 100 was determined by spinning a wheel of
fortune in the subjects’ presence. The subjects were instructed to indicate first
whether that number was higher or lower than the value of the quantity, and then to
estimae the value of the quantity by moving upward or downward from the given
number. Different groups were given different numbers for each quantity, and these
arbitrary numbers had a marked effect on estimates. For example, the median

estimates of the perceigi of African countries in the United Nations were 25 and
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45 for groups that received 10 and 65, respectively, as starting points. Payoffs for
accuracy did not reduce the anchoring effect.”

In this experiment subjec¢tsubsequent estimates were signiftbaaffected by the initial
random number. Those who were asked to compare their estimate to 10, subsequently
estimated 25 percent, while those who compared to 60, estimated 45 percent (Barberis and
Thaler, 2003).

While this example is to some extent actdl, Kahneman and Tversky (1974)
point out that anchoring can occur as a natural part of the assessment process itself. If an
individual is asked to construct a probability distribution for the level of the Dow Jones,
her likely beginning point would b estimate a median level. This value would then
serve as an anchor or reference point for her further probability assessments. In contrast, if
the subject would be asked to construct the probability assessments by stating the
likelihood of the Dow Joneexceeding a prspecified value, she would rather anchor on
this value. Thus the two procedsiead to different predictions, with the first procedure
yielding a probability distribution more concentrated around the median than the second
one(Rabin, 1998

2.2.1.5 Availability

When judging the probability of an event people tend to search their memories for relevant
information. While this is a perfectly sensible procedure, it can produce biased estimates
because not all memories are equally retrievable or l&blal, in the language of
Kahneman and Tversky (1974). More recent, salient and vivid events will weigh more
heavily and distort the estimate. Furthermgreople tend to correlate events that occur
closdy together. Tversky and Kahneman (1973) discussgkxample, how salience may
distort clinicians’ assessment of the relationship between severe depression and suicide.
According to the availability heuristic incidents in which patients commit suicide are much
more likely to be remembered than are ocewes where patients do not commit suicide.

This may lead to an exaggerated assessment of the probability that depressed patients will

commit suicide (for further examplesee also Combs and Slovic, 1979).
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Ritter (2003) summarizes that people tend to umdight longterm averages and
are predisposed to put too much weight on recent experience. As an example, when equity
returns have been high for many years (suckhag were in19822000 in the US and

Western Europe), many people begin to believe that dagiity returns are “normal”.

2.2.1.6 Hindsight Bias

One of the most extensively studied biases in the judgment literature is the hindsight bias
(see for example Hawkins and Hastie, 1990; ChristeBgatanski and Willham, 1991;
Villejoubert, 2004). Fischhoff @75) first proposed this bias by observing that

e reporting an outcome’s occurrence increases its perceived probability of occurrence
and
» people who have received outcome knowledge are largely unaware of the effect

that it has changed their perceptions.

Combning these, the evidence on the hindsight bias shows that people exaggerate the
degree to which their beliefs before an informative event would be similar to their current
beliefs. For exampleafter a politician wins elections, people label it as inblataThus
they tend to believe that they always thought it was inevitable (Rabin, 1998).

Fischhoff's (1975) original demonstration of this effect was a historical passage,
regarding British intrusion into India and military interaction with the Gurkas egaN
readto subjects. Without being told the outcome of this interaction, some subjects were
asked to predict the likelihood of each tbe four possible outcomes: British victory,
Gurka victory, a peace settlement, or military stalemate without a petitEament. While
the latter is thereal true outcome, four other groups of subjects were each told that a
different one of the four outcomes was the true one. For each reported outcome, when
compared to a control group, which was not told any outcomgdasbaverage ex post
guesses of their hypothetical ex ante estimates were fifteen percent higher than those of the
control group. People don't sufficiently “subtract” information they currently have about
an outcome in imagining what they would have tiltuwithout the information.
Moreover evidence provided by Hawkins and Hastie (1990) suggests that subjects have
the tendency to think that even other people “should have known” as well.
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Barberis and Thaler (2003) recapitulate that hindsight bias ierllency of people
to believe, after an event has occurred, that they predicted it before it happened. If people
think they predicted the past better than they actually did, they may also believe that they
can predict the future better than they actually daee also sectior2.2.2.1 on

overconfidence).

2.2.1.7 RecognitiorHeuristic

One view of heuristics is that they are imperfect versions of optimal statistical procedures
considered too complicated for ordinary mind®éocarried out. In contraggoldstein and
Gigerenzer (2002) consider heuristics to be adaptive strategies that evolved in parallel with
fundamental psychological mechanisms. Rather than starting with a normative process
model Goldstein and Gigerenzerrstaith fundamental psychological mechanisms. They

design and test cqmatational models of heuristieghich are:

» ecologically rational (i.e. heuristics that exploit structures of information in the
environment)

» founded in evolved psychological capacitiesls as memory and the perceptual
system

» fast, frugal, and simple enough to operate effectively when time, knowledge, and
computational resources are limited

* precise enough to be modeled computationally

» powerful enough to model both good and poor reasoning.

Goldstein and Gigerenzer (2002) introduce this prograrfifast and frugdl heuristics
with perhaps the simplest of all heuristics: the recognition heuristic. The recognition
heuristic, arguably the mosfrugal’ of all heuristics, makes inferences frqgratterns of
missing knowledge. This heuristic exploits a fundamental adaptation of many organisms:
the vast, sensitive, and reliable capacity for recognition.

In the statistical analysis of experimental data, missing data are an additional
difficulty. According to Gigerenzer and Hoffrage (1995) outside of experimental designs,

which means that data are collected by natural sampling instead of systematic sampling,
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missing knowledge can be used to make intelligent inferences. They asked about a dozen
Americars and Germans, “Which city has a larger population: San Diego or San Antonio?”
Approximately two thirds of the Americans correctly responded that San Diego is larger.
Despite (or, according to the recognition heuristic, due to) a considerable lack of
knowledge 100 percent of the Germans answered the question correctly. A similar
surprising outcome was obtained when 50 Turkish students and 54 British students made
forecasts for all 32 English Football Associations Cup third round soccer matches (Ayton
and Orkal, 1997). The Turkish participants had very little knowledge about English soccer
teams in comparison to the British participants. Nevertheless, the Turkish forecasters were
nearly as accurate as the English ones (63 percent vs. 66 percent correct).

Intuitively these results seem to be an error. How could more knowledge be worse
than significantly less knowledge? A look at what the less knowledgeable groups knew
may provide an answer. All of the German participants tested had heard of San Diego but
abouthalf of them did not recognize San Antonio. All made the inference that San Diego is
larger. Similarly, the Turkish students recognized some of the English soccer teams (or the
cities that often make up part of English soccer team names) but not othensg Ame
pairs of soccer teams in which they rated one team as completely unfamiliar and the other
as familiar to some degree, they chose the more familiar team in 627 of 662 cases (95
percent). In both these demonstrations, people used the fact thatidhegt decognize
something as the basis for their predictions, and it turned out to serve them well (Goldstein
and Gigerenzer, 2002).

The strategies of the German and Turkish participants can be modeled by what
Goldstein and Gigerenzer (2002) call the geaton heuristic. The task to which the
heuristic is suited is selecting a subset of objects that is valued highest on some criterion.
For example Borges, Goldstein, Ortmann, and Gigerenzer (1999) use the recognition
heuristic as a successful device feelecting stock portfolios in a bullish market
environment as described in their article “Can Ignorance Beat the Stock Market?” They
use corporate name recognition for selecting a subset of stocks from Standard and Poor’s
500 Index, with profit as the ceition. In their empirical study Borges et al. compared the
performance of a buy and hold portfolio, constructed only of stocks from companies with a
high level of name recognition by either laypeople (pedestrians) or experts, with several

benchmarks (mutliafunds, market indices, “dartboard” portfolios and unrecognized
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stocks). The *“ignorance” based portfolio constructed by pedestrians unexpectedly
outperformed its touchstones and generated striking returns. This also substantiates the
hypothesis that hewtics or “bounded rationality” can lead to accurate inferences in real
world domains (see secti@¥.3on trading strategies).

In these laboratory experiments, the focus lies on the case of selecting one object
from two. This task is known as paired comparison oralernative forced choice and
represents a stodk-trade of experimental psychology and an elementary case to which
many other tasks such as multiple choice are reducible. The recognition heurstdul
when there is a strong correlation between recognition and criterion. For simplicity,
Goldstein and Gigerenzer (2002) assume that the correlation is positive. For two
alternative choice tasks, they describe th@gattion heuristic as followsf lone of two
objects is recognized and the other is not, then the recognized object is inferred to have the
higher value with respect to the criterion. The recognition heuristic will not always apply,
nor will it always make correct inferences. For examifle Americans and English in the
experiments reported could not apply the gegtion heuristic since they kmetoo much.

It is also easy to think of instances in which an object may be recognized for having a
small criterion value. Even in such casee tlecognition heuristic still predicts that a
recognized object will be chosen over an unrecognized object. The recognition heuristic
works exclusively in cases of limited knowledge., when only some objects, not all, are
recognized. The effectiveneskthe apparently simplistic recognition heuristic depends on

its ecological rationality: its ability to exploit the structure of the information in natural
environments. The heuristic is successful when ignorance, specifically a lack of
recognition, is sgtematically rather than randomly distributed, particularly when the object

is strongly and positively correlated with the criterion. On the contrary, when this
correlation is negative, the heuristic leads to the inference that the unrecognized object has
the higher criterion value. The direction of the correlation between recognition and the
criterion can be learned from experience, or it even can be genetically coded. Galef (1987)
and Galef, McQuoid, and Whiskin (1990) provide evidence for the lattey. dbmument

an experiment with wild Norway ratkat learned to recognize a novel diet by smelling it

on theirneighbos’ breath. A week later, the rats were fed with this diet in addition with a
novel poisoned diet and hence the rats became ill. Nextpigsented with the two diets,

the rats avoided the diet that they did not recognize from tieghbos’ breath. This



Behavioral Finance and Agent-Based Computational Economics 47

recognition mechanism works regardless of whetherngighborrat is healthy or not
while its breath is smelt. It may seem unusual #matnimal would eat the food its sick
neighbor had eaten. Thus rats seem to follow recognition without taking further
information, such as the health of theighbor into account (Goldstein and Gigerenzer,
2002).

Goldstein and Gigerenzer (2002) revievergture that substantiates the view that
the mechanism for distinguishing between the novelthedecognized is specialized and
robust. For exampleecognition memory often remaimgactwhen other types of memory
become impaired. Elderly people suifgy from memory loss (Craik and McDowd, 1987,
Schonfield and Robertson, 1966) and patients suffering from certain kinds of brain damage
(Schacter and Tulving, 1994; Squire, Knowlton, and Musen, 1993) have problems saying
what they know about an object are@ where they have encountered it. Nevertheless they
often know that they have encountered the object before. Such is the case with R. F. R., a
54 year old policeman, who developed such severe amnesia that he had great difficulty
identifying people he kive, even his wife and mother. One might say that he had lost his
capacity for recognition. In a test in which he was shown pairs of photographs consisting
of one famous and one non famous person, he could point at the famous persons as
accurately as a hehit control group could (Warrington and McCarthy, 1988). His ability
to distinguish between the unrecognized people (who he had never seen before) and the
recognized people (famous people he had seen in the media) remainedYitdut
ability to recall anything about the people he recognized was impaired. Laboratory
research has demonstrated that memory for mere recognition encodes information even in
divided-attention learning tasks that are too distracting to allow more substantial memories
to be forme (Jacoby, Woloshyn, and Kelley, 1989). Because recognition continues to
operate even under adverse conditions, and it can be impaired independently from the rest
of memory, Goldstein and Gigerenzer view it as a primordial psychological mechanism
(for cass involving a selective loss of recognition, see Deldeetpusné, Beauvois, and
Shallice, 1990).

Goldstein and Gigerenzer (2002) investigate recognition as it concerns proper
names. Proper name recognition is of particular interest because it conatgptsalized
domain in the cognitive system that can be impaired independently of other language skills

(McKenna and Warrington, 1980; Semenza and Sgaramella, 1993; Semenza and Zettin,
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1989). Because an individual's knowledge of geography comprises @mptete set of
proper names, it is ideal for recognition studies. In their recent article, Goldstein and
Gigerenzer focus on two situations of limited knowledge: Americans’ recognition of
German city names and Germans’ recognition of city names in thedJSitates. The
American students they have tested over the years recognized about one fifth of the 100
largest German cities, and the German students recognized about one half of the 100
largest U.S. cities. An additional reason why cities were used tly gitoper name
recognition is because of the strong correlation between city name recognition and
population. Evidently the recognition heuristic does not apply everywhere. The recognition
heuristic is domain specific, i.e. it works only in environmentsvinch recognition is
correlated with the criterion being predicted. In cases of inference, the criterion is not
immediately accessible to the organism. A possible way how correlations between
recognition and inaccessible criteria can arise is via “madiatbhere are mediators in

the environment that have the dual property of reflecting (but not revealing) the criterion
and being accessible to the senses. For example, a person may have no direct information
about the endowments of universities, becaliseinformation is usually confidential. The
endowment of a university may be reflected in how often it is mentioned in the newspaper.
The more often a name occurs in the newspaper, the more likely it is that a person will hear
of this name. Because thewspaper serves as a mediator, a person may infer the
inaccessible endowment criterion.

Goldstein and Gigerenzer (2002) report an interesting counterintuitive implication
of the recognition heuristic: the lessmore effect. They provide the following thght
experiment: Three Parisian sisters receive the bad news that they have to take a test on the
hundred largest German cities at their lycée. The test will consist of randomly drawn pairs
of cities, and the task will be to choose the more populatedTdig.youngest sister has
never heard of Germany (nor any of its cities) before. The middle recognizes half of the
hundred largest cities from what she has overheard in the family salon. The elder sister has
been furiously studying for her baccalaureate laasl heard of all of the hundred largest
cities in Germany. The city names the middle sister has overheard belong to rather large
cities. In fact, the 50 cities she recognizes are larger than the 50 cities she does not
recognize in about 80 percent of atigsible pairs (the recognition validityis 0.8). The

middle and elder sisters not only recognize the names of cities but also have some
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knowledge beyond recognition. When they recognize two cities in a pair, they have a 60
percent probability of corregtlichoosing the larger one (the knowledge valiglitys 0.6,
whereas # of 0.5 would mean that they have no useful further knowledge). Which of the
three sisters will score highest on the test if they all rely on the recognition heuristic
whenever they cahThe youngest sister can do nothing but to guess on every question. The
oldest sister relies on her knowledd@ ¢n every question and scores 60 percent correct.
Surprisingly, the middle sister, who has half of the knowledge of her older sister, Beores t
greatest proportion of correct inferences (nearly 68 percent correct) since she is the only
one who can use the recognition heuristic. Furthermore, she can make the most of her
ignorance because she happens to recognize half of the cities, and washalldo use the
recognition heuristic most often. The recognition heuristic leads to a paradoxical situation
in which those who know more exhibit lower inferential accuracy than those who know
less. Goldstein and Gigerenzer call this the -iessore efects. Furthermorethey
conclude that there will be a lessmore effect whenevew > B, that is, whenever the
accuracy of mere recognition is greater than the accuracy achievable when both objects are
recognized.

Goldstein and Gigerenzeresent a furthreapplication of the recognition heuristic.
They showed students in Germany and the United States lists of pairs of German and
American cities. Each group was equally skilled at picking the city with the larger
population of each pair, despite differenge$amiliarity in the other country's geography.
The researchers created an exhaustive list of cityngairihaving the participants neak
forcedchoicejudgmens of which city in each pair was larger. They found that when a
participant recognized only ongty in a pair, she judged that city as larger about 90
percent of the time. Thus the students were able to pick the right answers most of the time
because they used the recognition heuristic, according to Wieanorerecognizable city
had a higher vake (Gigerenzer and Goldstein, 1996; Goldstein and Gigerenzer, 1999 and
2002). Interestingly, in a different study a kss$nore effect was demonstrated with
German students who scored higher when tested on American cities than on German ones
(Hoffrage, 195; see also Gigerenzer, 1993).

Althoughthe recognition heuristic has earned enormous scientific attention it is still
seenasvery controversial. For example, Kahneman and Frederick (2002) describe how the

recognition heuristic is a challenge to dpabcess theories of judgment, because it doesn’t
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fit well into most prominent classification schemes for heuristic processing. Furthermore
Oppenheimer (2003) argues that by using theythargest German cities as their sample,
Goldstein and Gigerenzer (2Z0conflated recognition with the knowledge that the city
was large. Thus most people not only recognize the city Berlin, but they also know that
Berlin is one of the largest cities in Germany. Therefore, it is impossible to determine
whether the judgment&ere due to mere recognition or rather from knowledge that the
recognized cities were large. Under these conditions almost any model of judgment, simple
or complex, would predict similar results. Since Goldstein and Gigerenzer (1999) clearly
assert thathte level of recognition is not important in using the recognition heuristic (“the
distinction relevant for the recognition heuristic is that between unrecognized objects and
everything else”) and they discuss the “inconsequentiality of further knowledgah a
essential feature to maintdime frugality of the heuristiAccordingly, an individual using

the recognition heuristic should judge a recognized city as larger than an unknown one
even if the recognized city is known to be small. To test this contiigive prediction
Oppenheimer (2003) asked fifty participants to judge populations of local cities that were
known to be small, as compared to magecities (which, by virtue of being fictional,

were unrecognizable). Oppenheimer’s results did not stpime predictions of the
recognition heuristics as reported by Goldstein and Gigerenzer (1999) and he concludes
that although individuals do use recognition as a cue for size estimations, they do so in a
more complicated manner. Individuals appear toeratkibutions about their mental state

of recognition, and perform some kind of Bayesian discounting based upon that attribution.
Thus the recognition heuristic may simpigt be as fast or frugal as it was originally
postulated.

Newell and Shankg2004) document two experimentwhere they sought to
distinguish between the claim that recognition of an object is treated simply @s a c
among others for the purposédecision making in a ctdearning task and the claim that
recognition is attributed with special status of fundamental, non compensatory properties.
Results of both experiments supported the former interpretation. When recognition had a
high predictive validity, the majority of participants relied solely on it. When other cues in
the environmet had higher validity, recognition was ignored, and these other cues were
used. The results provide insight into when, where, and why recognition is used in decision
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making and also question the elevated status assigned to recognition in some frameworks
as the ondy Goldstein and Gigerenzer (2002).

Newell, Weston and Shanks (2003) generally criticize the -dadfrugal”
heuristics approach to decision making under uncertainty advocated by Gigerenzer and
colleagues (for example Gigerenzer and Goldst986). They state that this framework
has achieved great popularity despite a relative lack of empirical validation and report two
experiments that examine the use of one particular heuristic {hak®est”). In both
experiments the majority of particips adopted frugal strategies, but only -timed (33
percent) behaved in a manner completely consistent withthakeest's decision rules.
Furthermore, a significant proportion of participants in both experiments adopted a non
frugal strategy in whichhiey accumulated more information than was predicted by the
theory. These results provide an insight into the conditions under which different heuristics

are used, and question the predictive power of theafastrugal approach.

2.2.2 Beliefs

Belief is a repreentational mental state that takes the form of a propositional attitude.
Belief is considered propositional in that it is an assertion, claim or expectation about
reality.” Cognitive psychologists have documented many patterns regarding how people
form their expectations. Furthermore this isracial component of any model of financial

markets

2.2.2.1 Overconfidence

A huge amount of evidence shows that people are overconfident in their judgments.
their summary of the “microfoundations” dfehavioal finance, DeBondt and Thaler

(1995) assert that “perhaps the most robust finding in the psychology of judgnttest is

" Belief (2004, Novembe28). Wikipedia: The Free EncyclopediBetrieved December 21, 2004, frafRL:
http://en.wikipedia.orfyviki/Belief
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people are overconfidentEvidence of overconfidence has beewvestigatedin different
contexts.

Studies of the calibration of subjective probiies found that people tend to
overestimatethe precision of their knowledg@ee Lichtenstein, FischH6, and Phillips
(1982)for a review of the calibration literatyrerirst, when people are asked to forecast
quantities, for example the level of tb®w Jones stock market index, they tend to assign
too narrow confidence intervals to their estimates. Alpert and Raiffa (1982) report that
their 98 percent confidence intervals include the true quantity only about 60 percent of the
time. Second, people ermpoorly calibrated when estimating probabilities: according to
Fischhoff, Slovic and Lichtenstein (1977) events they think are certain to occur actually
occur only around 80 percent of the time, and events they consider impossible occur
approximately 20 @rcent of the timeOdean(199&) reports thabvercoriidence has been
observed in many professionfa¢lds. Clinical psychologist@Oskamp 1965), physicians
and nurses (ChristensefSzalanski and Bushyheadl981 Baumann, Deber, and
Thompson 1991), invesnent bankergStaélvon Holstein 1972),engineergKidd, 1970),
entrepreneurgCooper, Woo, and Dunkelberd 988), lawyers(Wagenaar and Keren
1986), negotiatorgNeale and Bazermari990), and managef(Russoand Schoemaker
1992) have all been obsedvé¢o exhibit overcofidence in their judgmentsihe best
establishedinding in the calibration literature is that people tend to be ovedsnt in
answering questionsrdm moderate to extreme flliculty (Fischhdf, Slovic, and
Lichtenstein (1977)Lichtenstein, Fischhfb, and Phillips 1982 Yates 199Q Griffin and
Tversky, 1992). Exceptions to overclodence in calibration are that people tend to be
undercofident when answering easy questions, and they tend to bealbktated when
predictability ishigh and when performing repetitive tasks with fast, clear feedback. For
example, expert bridge playefkeren 1987), racdrack bettorgDowie, 1976 Hausch,
Ziemba, and Rubinsteir1981)and meteorologistdMurphy and Winkler 1984) tend to be
well calbrated.

Miscalibration is only one manifestation of overfidence. Researchers alsnd
that peopleoverestimate their ability to do well on tasks and these overestimates increase
with the personal importance of the tagkrank 1935). People are alsmnealistically
optimisticabout future events. They expect good things to happen to them more often than

to their peers(Weinstein 1980; Kunda 1987). They are even unrealistically optimistic
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about purechance eventgMarks 195% Irwin, 1953 Langer andRoth 1975). For
example Ito (1990) reports evidence that participants in foreign exchange markets are
more optimistic about howxchange rate moves wilifact them than how they wilffaect
others. Over two years the Japan Cefdelnternational Finace conducted a bnonthly
survey of foreign exchange experts in 44 companies. Waslasked for point estimates of
future yen/dollar exchange rates. The experts in impaehted companiesxpected the
yen to appreciate (which would favor their companyhile those in exporbriented
companiegxpected the yen to fall (which wowdainfavor their company).

Furthermore pople tend to have unrealistically positive sedfvaluations
(Greenwald 1980). Most individualsee themselves as better than theageperson and
most individuals see themselves bettean others see the(faylor and Brown 1988).
They rate their abilities and their prospeligher than those of their peets.the social
psychology literature this is a prominent stylized fact, &sown as the bett¢han
average effectFor example, when a sample of U.S. students with an average age of 22
years assessed their own driving safety, 82 percent judged themselves to be in the top 30
percent of the group (Svenson, 1981). Also a modespestent of a group of older
Swedish students with an average age of 33 years placed themselves in the top 30 percent
of their group. According to Cooper, Woo, and Dunkelberg (1988) 81 percent of 2994 new
business owners thought their business had a t@eor better chance of succeeding but
only 39 percent thought that any business like theirs would be this likely to succeed. Thus
when individuals assess their relative skilthey tend to overstate their competence
relative to the average (Larwood aWwthittaker, 1977; Svenson, 1981). Alicke et al. (1995)
present research in which people compare themselves with an average peer. The results
have consistently shown that people evaluate themselves more favourably than they
evaluate others. Seven studies aveonducted to demonstrate that the magnitude of this
betterthanaverage effect depends on the level of abstraction in the comparison. These
studies showed that people were less biased when they compared themselves with an
individudized target than wherthey compared themselves with a fodividudized
target, for example the average college student. The Mletieaverage effect was reduced
more when the observer had personal contact with the comparison target than when no
personal contact was estahksl. Differences in the magnitude of the betib@maverage

effect could not be attributed to the contemporaneous nature of the target's presentation,
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communication from the target, perceptual vividness, implied evaluation, or perceptions of
similarity. This effect extends to economic decisioaking in experiments (Camerer and
Lovallo, 1999).

Additionally people overestimatieir own contributions to past positive outcomes,
recalling information related to thesuccesses more easily than that relatedhtor
failures. Fischhff (1982) writes thattheyeven misremember their own predictions so as
to exaggerate in hindsight what they knewforesight”(see also sectio8.2.1.6on the
hindsight bias)And whenpeople expect a certain outcome and the outcome then occurs,
they often overestimate the degree to which they wdteential in bringing it about
(Miller and Ross 1975). Taylor and Brown (1988) argue that exaggerated beliefs in one's
abilities and unrdestic optimism may lead tdhigher motivation, greater persistence, more
effective performance, and ultimately, greater succédsreover, they report that these
illusions appear to promote other criteria of mental health, including the ability to care
about others, the ability to be happy or content, and the ability to engage in productive and
creative work. These strategies may succeed, in large part, because both the social world
and cognitiveprocessing mechanisms impose filters on incoming informakiat distort it
in a positive direction. Thus negative information may be isolated and represented as
unthreatening as possible. These positive illusions may be especially useful when an
individual receives negative feedback or is otherwise threaterccanag be especially
adaptive under these circumstanchgverthelesshiese beliefs can also lead to biased
judgments.

Barberis and Thaler (2003) note thaeoconfidence may in pabe related ostem
from two other biasesiamelyselftattribution bias andhindsight bias. Seldttribution bias
refers toapeople’s tendency to ascribe any success they have in some activity to their own
talents, while blaming failure on bad luck, rather than on thesmpetenceWhen aing
this repeatedlythis will lead peple to the pleasing bwtrong conclusion that they are
very talented. For examplgccording to Gervais and Odean (200dyestors might
become overconfident after several quarters of investing sué&eskescribed in section
2.2.1.6 hindsight bias is the tendency of people to believe, after an event has occurred, that
they alreadypredictedthis eventbefore it happenedarberis and Thaler (2003) conclude
that whenpeople think they predicted the past betien they actually did, they may also

believe that they can predict the future better than they actually can.
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Overconfidence can lead to increased trading activity. Odean (1999) provides
evidence that trading volume i3 generatoo high Odean argues thaome investors trade
too much because they are overconfident. A particular striking finding is that when
predictabilty of future events is low (as ifinancial markets), overconfidence seems to be
even higher for experts than for novices. Another isterg finding is thamen tend to be
more overconfident than women. This manifests itself in many ways, including trading
behavior Barber and Odean (2001) recently analyzed the trading activities of people with
discount brokerage accounts. They found thatmore people traded, the worse they did,
on average. Additionally, men traded more, and did worse, than women investors.
However,Hirshleifer (2001) states thaehavioal finance seems to have focused primarily
on miscalibration of private informatiofoverestimation of the precision, i.e. too high

mean, too narrow variance).

2.2.2.2 Belief Perseverancand Confirmatory Bias

There is a rangef research suggesy that once peoplbaveformed strong hypotheses,

they are often inattentive to new informatiomtradicting their hypotheseAccording to

Lord, Ross and Lepper (1979) people attacled to their initial opinionstoo tightly and

for too long. At least two effects appear to be at work. First, people are reluctant to search
for evidence that contradgctheir beliefs. Secohd even if they find such evidence, they
treat it with excessive skepticisnror example once someone isconvinced that one
investment strategy is more profitable than anogteemay notbe sufficiently attetive to
evidence sugesting that the strategy is flawed.

Perkins (1981) provides support for the perspective that "fresh” thinkers may be
better at seeing solutions to problems than people who have meditated at length on the
problems, because the fresh thinkers are not ovmédd by the “interference” of old
hypotheses. Psychological evidence reveals a stronger and more provocative phenomenon
known as confirmatry bias People tend to misread misinterpretvidence as additional
support for initial hypotheses. For examifla teacher initially believes that one student is
smarter than another, she has the tendency to confirm that hypotheses when interpreting
later performaoe (Rabin, 1998; Barberis and Thaler, 2Q03)
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Substantiatiorfor the confirmatory bias is a seriesedfperimentswhich confront
people, whoinitially differ in their beliefs on a topic, with the same ambiguous
information. The counterintuitiveresult is polarization, i.e. their beliefs move further apart
(Lord, Ross and Lepper, 1979; Darley and Gros831%®Ilous, 1991)Lord, Ross and
Lepper (1979) selectetiventy-four proponents andwenty-four opponents to the death
penalty based on questionnaire informatidhen each of the groupgere asked to judge
the meris of randomly selected studies on theedent efficacy of the death penalty, and
to state whether a given study provided evidence for or against the deterrence hypothesis.
Both groups thought that most of the relevant research sgojtbetir own beliefsLord,
Ross and Lepper found that propots of the death penalty became on average more in
favor of the death penalty believing more in its deterrent efficacy, while oppdename
even less in favor of the death penalty and believed even less in its deterrent efficacy.
Rabin and Swrag (199) explore theconfirmatory bias in a symmetric model in
which exactly one of two hypotheses is tribey are able tshow that the confirmatory
bias induces overconfidence: Given any probabilistic assessment by an agent that one of
the hypotheses is prablg true, the appropriate beliefs should deem it less likely to be true.
When the agent believes relatively weakly in a hypothesis after receiving extensive
information, the hypothesi® which he believesmay be more likely to be wrong than
right. If the confirmatory bias is strong enough, with positive probability the agent may
eventually come to believe witlfosecertainty in a false hypothesis even after receiving an

infinite amount of information.

2.2.2.3 Optimism and Wishful Thinking

According to Weinstein1980) nost people display unrealistically rosy views of their
abilities and prospects. Typically, over pércentof those surveyed think they are above
average in such domains as driving s@lvenson, 1981 bility to get along with people

and senseof humor (see also sectio2.2.2.3 on overconfidence)Furthermore pople
display a systematic planning fallacy: they predict that tasks (such as writing papers) will
be completed much sooner than they actuatly (Buehler, Griffin and Ross1994
Barberis and Thaler, 20D3
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2.2.3 Preferences

This section discusses the psychological research on how people modifyutthity
functions which areused as a concejly economistsThe assumptions about investor
prefereres, or about how investors evaluate risky gamblesa aracial featureof any
model trying to understand asset prgcandtradingbehavior The vast majority of models
assume that investors evaluate gamldesording to the expected utility framework
introducedby von Neumann and Morgenstern (19440n Neumann and Morgensteane
able toshow theoreticallythat if preferences satisfy a numberrefisonableaxioms in
particular completenessfransitivity, continuity, and independencéhen they can be
represented by thexpectation of a utility functio(Barberis and Thaler, 20Q3)

Unfortunately relatedexperimentalesearchn the decades afteon Neumann and
Morgenstern (1944hasprovidedconvincing evidencehat peoplesystematically violate
expected utility theory wherthey are forced tchoo® among risky gamble#s a reaction
to this, there has been an explosionesfearclon saecalled norexpected utilitytheories,
with the goal to develop functions which betterath the experimental evideac
Prominent researcimodels nclude weighteditility theory Chew and MacCrimmagn
1979; Chew 1983), implicitexpected utility Chew 1989 Dekel 1986) disappointment
aversion (Gul, 1991), regret theoryBgll, 1982; Loomes and Sugden, 1982ank
depenent utility theories Quiggin 1982 Segal 1987, 1989 Yaari, 1987), and prospect
theory(Kahneman and Tversk$979; Tversky and Kahneman, 1992)

According toBarberis and Thaler (200&xpected utility theory may be a good
approximation to people evaliaion of a risky gamble like the stock market, even if it
does not explain attitudes to the kinds of gambles studied in experimental settings.
Neverthelessthe difficultiesthatthe expected utility approach has encountered in trying to
explain basic fas about the stock market suggests thais ifruitful to look at the
experimental evidence. Moreoyeecent workin behavioal finance has stadethat some
of the lessonsvhich one carlearn from violations of expected utility are centraltiie
understading of a number of financial phenomena. Thus financial economists should be

more than interested in any of these alternatives to expected utility.
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2.2.3.1 Prospect Theory

Prospect theory (Kahneman and Tversky, 1979; Tversky and Kahneman, 1992) is one of
the mos promisingnon-expected utilitytheories for financiahpplications Furthermoreit
is the most successfuh capturing the experimentavidencs. Most of the other noen
expected utilitymodelsmay becalled quasnormativetheories sincethey try to cature
some of the anomalous experimental evidencewkwkening thevon Neumann and
Morgenstern (1944axioms. The difficultyof this approaclis that in tryingto achieve two
goals to benormative and descriptivéghe modelsend upbeing unsatisfactoryin both
criteria Quite the oppositgrospect theory has @mmnbitionsas a normative theowinceit
simply tries to capture people’s attitudesvaods risky gambles as parsimoniously as
possible. In fact Tversky and Kahneman (1986) argue convincingly thatmative
approaches are doomed to faihcepeople routinely make choices that ampossible to
justify on normative groundsecausehey violate dominancer invariance

Kahneman and Tversky (1976@gsign theoriginal version of prospect theory for
gambles with at most two narero outcomeslhey propose that when offered tha@mble
“get outcomex with probability p, outcomey with probabilityq”, asdefinedin equation

(4), withx<0<yory<0<x, people assigit a valueas defined irequation(5).

x.pg vy 0 (4)

n(p)u(x) + n(qu(y) ()

When choosing between different gambfgsoplepick the one with the highest valukhe
results olKahneman and Tversky(1979)experiments are shown in figuBeand 4.

Kahneman and Tversky’s formulation has a number of important characteristics.
First, utility is defined over gains and lossatherthan over final wealth positions, an idea
first proposed by Markowitz (B2). In the words of the authemne of the predictions of
prospect theory is that “a person who has not made peace with his losses is likely to accept
gambles that would be unacceptable to him otherwise" (Kahneman and Tversky, 1979, p.
287). Thisnaturaly fits with the way gambles are often presented and discussed in real
life.
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Overwhelming evidence shows that humans are often more sensitive to how their
current situation differs from some reference level than to the absolute characteristics of
the situgion (Helson, 1964). For example, the same temperature that feels cold when one
is adapted to hot temperatures may appear hot when one is adapted to cold temperatures.
Understanding that people are often more sensitive to changes than to absolute levels
suwggests that economists have to incorporate additional factors into their utility analysis,
such as habitual levels of consumption. For exampkead of utility at timd, which
depends solely on present consumptigrutility may additionally depend om reference
level ry, which is determined by factors like past consumption or expectations of future

consumptions (Rabin, 1998).

VALUE

LOSSES GAINS

Figure3: Kahneman and Tversky’'s (1978jnpirically evaluatedalue function! (from Barberis
andThaler, 2003) .V is concae in the domain of gainavhile convexand steepdn the domain of

losses Thisindicates risk seeking behavior for losses and risk averse behavior for gains.
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1.0

DECISION WEIGHT: TT(p)

STATED PROBABILITY: p

Figure4: Kahneman and Tversky's (1978ppirically evaluatedorobability weighting functionn

(from Barberis and Thaler, 20033mall probabilities are overweightesince people are more
sensitive to differences in probabilities at higher probability levels. In partipelaple place much

more weight on outcomes that are certain relative to outcomes that are merely probable, a feature

sometimes known as the “certainty effect”.

Kahneman and Tversky’s (1979) formulation of prospect theory is in general
consistent with the ay people perceive attributes such as brightness, loudness, or
temperature relative to earlier levels cognition rather than in absolute terms.
FurthermoreKahneman and Tversky (1978gscribethe following violation ofexpected
utility as evidence thateople focus on gains and losdestheir experimentsubjects are
asked®

In addition to whatever you own, you have been given @08 probability 0.5. Now

choose between

A = (1000, 0.5)
B = (500, 1).

B was the morérequentchoice. The same swdats werdghen agairasked:

8 All the experimentsre conducted in terms of Israeli currency; the authors note that at the time of their

research, the median monthly family imee was about 3000 Israeli lira.
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In addition to whatever you own, you have been given 2000. Now choose between

C = (-1000, 0.5)
D = (=500, 1).

Now C was more populaBoth problemslead toidentical final wealth positionsbut
people choose differently. The subjects apparentlysonore on gainsthan losses.
Neverthelesswhen they are not given any informatidsoat prior winnings, theghoose
B over A and C over D.

According to Barberis and Thaler (200Bgtsecond important featuo¢ prospect
theoryis the shape of the value functian sinceit exhibits concavty in the domain of
gains and convexity in the daim of losses both measured relative to the point of
referencgfigure 3) The value function is also steeper in the loss donfdinsKahneman
and Tversky’s (1979yalue function indicates risk seekitghaviorfor losses and risk
aversebehaviorfor gans. Simple evidence fothis outcome is derivedrom the already
mentionedfact that in the absence of any informatadvout prior winnings statistically
significantlargerfraction of subjects preferred B to A and C toHdrthermoretie value
function v showsa kink at the originwhichindicatesa greater sensitivity to lossésn to
gains, a feature known as loss aversion. Loss aversion is introduced to aaptaren to

betsin the formof (see also equation:4)

E =(110,%:; -100, %)

Game Eshoud be read as “a statistically significant fraction of KahnemanTamalsky’s

subjects preferrethe bet to winl10, with probability%2; G1 to G2.Even to understand
attitudes to games as simple asiEis necessaryo depart from the expected utility
framework of von Neumann and Morgenstern (1944) his remarkable paper, Rabin
(2000) shows that if an expected utility maximizer rejgasble E at all wealth levels,

then he will also rejegame F

F = (20000000%2;-1000, ¥2)
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This is an absolutelyquesionable prediction.Rabin (2000) providea theorem showing

that expectedtility theoryin generalis an utterly implausible explanation for appreciable
risk aversion ovemodest stakes: Within expectatllity theory, for any concave utility
function, eren very little risk aversion over modest stakes implies an absurd degree of risk
aversion over large stakeBhe intuition is simple: if a smooth, increasing, amhcave

utility function definedover final wealth has sufficient local curvature to rejecbver a

wide range of wealth levels, it must be an extraordinarily concave function, making the
investor extremely risk averse over large stgkmbles.

The final important featureof prospect theory is the nonlinear probability
transformation. Smalprobabilities are overweigbhd, so thathe probability weighting
function equals 72 (p)>p. This is deduced frorKahneman and Tversky (1979)finding
thata statistically significant fraction of subjects prefertieel gamg5000, 0.001) td5, 1)
and €5, 1) to ¢5000, 0.001)ogether with the earlier assumption that the value funation
is concave (convex) in the domain of gains (lossés)ythermore people are more
sensitive to differences in probabilities at higher probability levédasT 20 percent jump
in probability from 0.8 to 1 is more striking to people than a 20 percent jump from 0.2 to
0.25. In particular, people place much more weight on outcomes that are, celéive to
outcomes that are merely probable, a feature sorastknown as the “certainty effect”.

Kahneman and Tversky’s (197&enot justable tocaptue experimental evidence.
Prospecttheory is also able toexplain preferences for insurance and for buying lottery
tickets.Even thougtthe concavity ofthe valuefunction v in the region of gainsemerally
produces risk aversioigr example lotteries which offera small chance of a large gain,
the overweighting of small probabilitigprobability weighting functionsz) dominates,
which leads to risk seekingbehavior On the other handyhile the convexityof the value
function v in the region of losses typically leads to resdeking, the same overweighting
of small probabilities induces risk aversion over gambles which have a small cthance o
large loss(Barberis and Thaler, 20030 more recent research Tversky and Kahneman
(1992) also present a generalization of prospect theory which can be applied to gambles
with more than two outcomeBurthermorethey use experimental evidence tdreate a

coefficient of loss aversionA(), a measure of the relative sensitivity to gains and losses.
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Over a wide range of experimental contexts has been estimateth be equal to
approximatel\2 (or A =2.25 as suggested bBiwersky and Kahneman, 1992).

To fully describethe decision making procegsrospect theory often needs to be
combined with an understanding of “mental accounting” (Thaler, 128%0 and 1999; see
section2.2.3.3. One needs to understand when individuals faced with separate gambles
treat them as separate gains and losses and when they treat them as one, pooling them to

produce one gain or loss (Mullainathan and Thaler, 2000).

2.2.3.2 Framing

People often lack stable preferences that are robust to different ways of eliciting those
preferences. The most prominent set of research that provides an interpretation of this type
of choice behavioris related to framing effects:wio logically bu not transparently
equivalent statements of a problem lead decision makers to choose different options
(Rabin, 1998)

An important feature oprospecttheoryis that it can accommodate the effects of
problem description or framing. There are numerous dsirations of a 3@ercent to 40
percentshift in preferences depending on theesentationof a problem. No normative
theory of choice can accommodate shehaviorsince a first principle of rational choice is
that choices should be independent of treblem description or representati@arberis
and Thaler, 2003).

Framing refers to th@resentation ofa problemto the decision maker. In many
actual choice contexts the decision maker also has flexibility in how to think about the
problem. For exampleuppose that a gambler goes to the race track and wins $200 in his
first bet, but then loses $50 on his second De¢ gambler can nowode the outcome of
the second bet as a loss of $50 or as a reduction in his recently won gain.dh$206r
words, & the utility of the second logs(—50) or v (150)- v (200)? The process by which
people formulate such problems for themselves is céleental accountirig(Thaler,

199% and2000) Mental accounting mattessnce in prospect theoryy is nonlinear.

Ritter (20@) documents interesting evidence where framing makes dig

difference.He stars out with a sinple valuation questionThen he lists some specific
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assumptions about a hypothetical firm, @ne finalquestionto answeis, “How much is
the equity 6this firm worth?”

Assumptions: The inflation rate is 6%, and the equity risk premium is zero, so the
nominal cost of capital is 10% (a real cost of capital of 4%). The firm wants to keep
the real value of its debt unchanged, so it must increase thiaacamount of debt

by 6% each year. There is no real growth, and all free cash flow (if any) is paid out

in dividends.

Revenue $1,200,000
Cost of goods sold $600,000
Administrative expenses $400,000
Interest expense $200,000
Taxes $0
After-tax profits $0

Debt $2,000,000
Book equity $1,500,000
Shares outstanding 10,000
Interest rate on debt 10%

According to Ritter (2003)with inflation at 6percentand $2 million in debt, the firm must
issue $120,000 more debéxt year to keep the real value of its detistant. This cash
can be used to paividends, whichwould beequal to$12 per shareEquation (6) gives
the stock price assuming a growing perpetuitging equation (6) with interest rate
r=10 percentandgrowthg=6 percentP=$12 / (0.10- 0.06)=$300 per share.

_ D,
(r-9)

(6)

Thusthe equity is worth $3 million, athe mentioned300 per share. Earnings are zero
because thaccountants treat nominal interest expense as a cost, but they do not treat the

inflation induceddecrease in theeal value of debt as a benefit to equity holders. In other
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words, thereal economic earnings are higher than the accounting earnings, because
accountantsneasure the costf debt financingbut not the benefit to equityolders, when
there isinflation.

This is an example of where framing makes a difference. Nominal interest expense
appears on the income statement. The decrease in the real value of nominal liabilities due
to inflation does not appear on the income statement. Because it does not agpstrsin
do nottake it into account and therefonedervalue equities when inflationhgyh. If the
market makes this mistake, then stocks become riskier, beiteyséall more than they
should when inflation increases, and they rise more than theydsiangn inflation
decreases. Over a full inflation cycle, these two effects balance out, whitty istocks
are less risky in the long run than they are in the short run (Siegel, 1998).

Modigliani and Cohn (1979) argued that the US stock market was grossly
undervaluedin the mid and late 1970s because investors had irrational beliefs about
earningsgiventhehigh inflationat that time Ritter andwWarr (2002)investigate the effect
of declining inflation on the bull market of 198399.In their work theyconduct an out
of-sample test of the Modiglias@ohn hypothesisTheir results suggethat part of the bull
market of the 1980s was attributable to a recovery from the undervaluatidhermore
they argue that the continued stock market rise in the 498% an overshootirgndthe
stock market became overvaluethey also predicted that 206@002 would have low
stock returnsRitter (2003) states thafortunately,he believel in his own research, and
had much ohis retirement assets in inflatiandexed bonddor the last thregears. These

have been the beperforming asset class.
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2.2.3.3 Mental Accounting

“A former colleague of mine, a professor of finance, prides himself on being a
thoroughly rational man. Long ago he adopted a clever strategy to deualifels
misfortunes. At the beginning of each year he establishes a target donation to the
local United Way charity. Then, if anything untoward happens to him during the
year, for example an undeserved speeding ticket, he simply deducts this loss from
the United Way account. He thinks @fas an insurance policy against small
annoyances.”

Richard H. Thaler (1999

The preceding anecdote illustrateg cognitive process called mental accountidgople
act as if they associate different classes of ridggets to different mental accounts (for
example bonds and stocks, see Thaler, E9@0D199%.

Tversky and Kahneman (1981) define a mental account quite narrowly as “an
outcome frame which specifies (i) the set of elementary outcomes that are evaludlied join
and the manner in which they are combined and (ii) a reference outcome that is considered
neutral or normal” (typically the reference point is the status quo). According to this
definition, a mental account is a frame for evaluation. Thaler @38@s the term “mental
accounting” to describe the entire process of coding, categorizing, and evaluating events.
In their later workkKahneman and Tversky (198g)opose three ways that outcomes might
be framed: in terms of a minimal account, a topical accooina comprehensive account.
Comparing twooptions using the minimal account entails examining only the differences
between the two optiondjsregarding all their common features. A topical account relates
the consequences of possible chotcea referace level that is determined by the context
within which the decision arises. A comprehensageount incorporates all other factors
including current wealth, future earnings, possible outcometiér probabilistic
holdings,etc Thus €onomic theory gesrally assumes that people madecisions using
the comprehensive account. The followingaeple from Tversky and Kahneman (1981)

illustrates that mental accountirgtopical:
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Imagine that you are about to purchase a jacket for ($125)[$15] and a calculat
for ($15)[$125]. The calculator salesman informs you that the calculator you wish
to buy is on sale for ($10)[$120] at the other branch of the store, located 20

minutes drive away. Would you make the trip to the other store?

When two versions of thisrpblem are presented (one with the figures in parentheses, the
other with the figures in brackets), most people say that they will travel to save the $5
when the item costs $15 but not when it costs $125. If people use a minimal account frame
they would bgust asking themselves whether they are willing to drive 20 minutes to save
$5, and would give the same answer in either versmarestingly, acomparableanalysis
applies in the comprehensive account framheW equals theexisting wealth and W*
equab existing wealth plus the jacket and calculator minus $tidf the choice comes
downto the utility of W* plus $5 versus the utility of W* plus 20 minutes. This example
illustrates anmportant general pointhe way a decision is framed will not altéroeces if

the decision maker issing a comprehensiand wealthbased analysig.hus faming does

alter choices in the real world becayps®ple make decisiomgadually and arenfluenced

by the context of the choi¢@haler, 1999).

One important feat@ of mental accounting is narrow framing, which is the
tendency to treat individual gambles separately from other portions of wé&alth.
example when offered a gamble, people often evaluate it as if it is the only gamble they
face in the world, rather #m merging it withalready presenteokts to see if the new bet is
a worthwhile addition (Barberis and Thaler, 2003).

Shefrin and Statman (2000) apply mental accounting to asset allocation and present
their notion ofa behavioal portfolio theory.The resit of investors who connediifferent
classes of risky assets to different mental accounts is the construction of a layered
portfolio. According to Shefrin and Statmdmehavioal based portfolios resemble layered
pyramids, where layers are associated walhectives Thus when such a portfolio is
segregated into multiple mental accounts, covariances among mental accounts are
overlooked and the investors can be simultaneously risk averse and risk seeking: they buy

both bonds and lottery tickets.
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2.2.3.4 Ambiguity Arersion

The experimental evidenaescribedso farhas focused on understanding how people act
when the outcomes of gambles have known objective probabilities. In reality, probabilities
are rarely objectively knownTherefore Savage (19% developed a coterpart to
expected utility known aSubjective Expected UtilityUnder certain axioms @ubjective
Expected Utility preferences can be represented by the expectation of a utility function,
weighted byan individual's subjective probability assessmengvBrthelessexperimental
evidence in the last few decadbid not substantiate the predictionssafbjective Expected
Utility .

The classic experiment byEllsberg (1961) describes the so called Ellsberg
paradoxes, which suggetitat people are averse to laiguity, causingthem to make
irrational choicesln Ellsberds experimentg1961) there are two urnsymbered with one
and two. Urn two contains a total of 100 balls, 50 red and 50 blueoriéralso contains
100 balls, again a mix of red and blue, the subject does not know the proportion of
each. Subjects are now asked to choose one of the following two ganbles a, each
of which involves a possible payment of $100, depending on the color of a ball drawn at

random from the relevant urn.

a; : aball is drawn from Urn 1, $100 if red, $0 if blue,
a, : a ball is drawn from Urn 2, $100 if red, $0 if blue.

Subjects are then also asked to choose between the following two gairdotelsh:

b; : a ball is drawn from Urn 1, $100 if blue, $0 if red,
b, : a ball is drawn from Urn 2, $100 if blue, $0 if red.

& Is typically preferred toiawhile Iy is chosen overib These choices are inconsistent
with Subjective Expected Utilitgincethe choice of aimplies a subjectiverobability that
lessthan 50percentof the balls in urn onare red, while the choice of implies the
opposite.Thus the experiment suggests that people do not like situations where they are
uncertain about the probability distribution of a gamble. Such situations are known as
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situations of ambiguity, rd the general dislike for them is knows ambiguity aversion.
Interestingly, Knight (1921) provides an early discussion of this aversion. He defines risk
as a gamble with known distribution and uncertainty as a gamble with unknown
distribution, and suggests that people dislike uncertainty more than Sidiective
Expected Utilitydoes not allow agents to express their degree of confidence about a
probability distribution and therefore cannot capture such aversion.

Ambiguity aversio appears in a wide variety of contesisd has been confirmed
in market experimental settings. It seems to reflect a more ¢geéeedency for emotions
such adear to affect risky choicg®eters and Slovid,996). Camerer (1995uggests that
ambiguity aversion maymproperlyincrease risk premianproperlywhen new financial
markets are introduced, because of the layering of uncertaifityth the structure of the
economic environment antle structureof theresulting outcomes. A possible explanation
for ambiguity aversion is that the absence of an identifiable parameter of the decision
problem may often be associated with higher risk and the possibility of hostile
manipulation.Heath and Tversky (199 argue that in the real worlaimbiguity aversion
has muchto do with how competent an individual feels at assessing the relevant
distribution. Ambiguity aversion over a bet can be strengthened by highlighting
individuals’ feelings ofincompetence, either by showing them other bets in which they
have moreexpertisepr by mentioning other people who are mquelified to evaluate the
bet Fox andTversky, 1995)Further evidence that supports the competence hypothesis is
that in situations wher@eople feel especially competent in evaluating a gamble, the
opposite of ambiguityaversion, namely a “preference for the familiar”, has been observed.
Just as with ambiguityaversion, suchbehavior cannot be captured bthe theory of
Subjective Expected UtilitfHirshleifer, 2001 Barberis and Thaler, 2003)

According toDaniel, Hirshleifer, and Teoh (20pthvestors often do not participate
in certain asset and security categories. In theratgsof transaction costs, meariance
optimization implies participating in all asset and security markets. For manypyeseire
the rise of mutual funds and defined contribution retirement plans, participation in the U.S.
stockmarket was very incompletsdefor exampleBlume and Friend, 1975). Even now,
many investors entilg neglect major asset classesch as commodés, stocks, bonds,
real estate and omit many individual securities within each class. Investors are strongly

biased toward investing in stocks based in their own home co(sggy for example
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Cooper and Kaplanis, 1994; Lewis, 199®utual funds tend tanvest locally, and earn
higher returns on their local investments (Coval and Moskowitz, 2001), which is consistent
with either rational processing of private information or with limited ability to process
public information. Investors with more socialstiare more likely to participateertain

asset and security categorig$éong Kubik and Stein2001). A possible source of non
participation is aversion to ambiguity, as reflected in the Ellsberg par&doxxample,

Sarin and Weber (1993)xperimentallyfind that graduate business students and bank
executives were averse gambles with “ambiguousprobabilities relative to equivalent
lotteries, and that this aversi@affected market prices. Employees tend to invest in their
own firm’s stocks and perceivihis stock as low riskHuberman 1999). The degree to
which they invest in their employer’s stock does not predict the stock’s future returns
(Benartzi, 2001), suggesting that the investment is not based on superior inside knowledge

of their own firm.

2.2.3.5 Loss Aversion and the Disposition Effect

A pervasive feature of reference dependence (see s&cfdhd, which isevident in a
wide variety of domaings that people are significantly more averse to lodsesthey are
attracted to samsized gains (Kahneman, Knetsch, and Thaler, 198€)mentioned in
section2.2.3.1on prospect theory (Kahneman and Tversky, 1979; Tversky and Kahneman,
1992), such loss aversion iwvident in preferences over wealth levels. Tversky and
Kahneman (1991) suggest that in the domain afeyp@eople value modest losseaghly
twice as much as equaized gains.n addition toloss aversve behavior individual
investorsengage irmental acounting (Thaler, 1985), which calmnive them to confuse the
unpleasantnessf experiencing an economic loss with the unpleasantness of realizing the
loss. Both cognitive biases are related to thisposition effect, as confirmed by several
studies ofbehavor in field andexperimental marketsinceinvestors are more prore
realizegains than lossg®abin, 1998Daniel, Hirshleifer, and Teoh, 2002

The disposition effect is the individual investor’s tendency to hold loserboig
and sell winners tosoon (Shefrin and Statman, 198%8)particular Odean (1998a) shows
that the individual investoraho trace through aarge discount brokerage firm tend to be
more likely to sell their winners than thémsers.Furthermee Odeanshows that the stocks
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that investors choose to sell subsequentiyperform the stocks that investors retain. A
substantial amount of thenderperformance of the losers relative to the winners derives
from the momentuneffect, but momentum does not explain all of the underpesdioca of
these investors. Interestingly, the individual invesiehaviorthat Odean observegpes
againstthe commonly know investing maxim: Ride you winners and sell your loserts”
This investing maxim may be designed as a corrective to individual shiAse open
question is who is taking the opposite side of these individual investarsactions.
There is some evidence consistent with institutional investorsexamplemutual funds)
buying high momentum stocks and selling low momentum stbcitantil now there is no
direct evidencé¢hatlinks the sales of individual investorstioe purchases of mutual funds.
One relevantact is that there are large flows intoutual funds which have experienced
good past performancelomesellers also appear be lossaverse in the way that they set
prices. Theireluctance to sell at a loss relative to past purchase rmpagehelp toexplain

the strongpositive correlation of volume with price movements (Genesove and Mayer,
2001).

Therefore the dispositioneffect shows up in aggregate stock trading volume.
During a bull market, trading voluntends to grow. If the market then turthswn, trading
volume tends to fallFor example,trading volume in the Japanese stock market fell by
over 80percentfrom the latel980s to themid-1990s. The fact that volume tends to fall in
bear markets results ian increased level of systematic ritgken bythe commission
business of brokerage firm&n exceptional case is represented by the U.S. bear market
beginning in April 2000, whenaggregate stock market volunadgd not drop This is
apparently due to increased trading by institutions, since stock trading by individuals has,
in fact, declined.The significant drop in transaction costs associated with the move to
decimalizaton and technological advancgartly accounts for thigffect Anotherreason
is that many firms splitheir shares in late 1999 and the first half of 2@@8ich would
have resulted in higher trading volume. The drop in commission rewasruesd from
individuals as predcted by the disposition effechas resulted in revenue declines for
retailoriented brokeragirms (Ritter, 2003).
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2.2.3.6 Social Preferences

“It is not from the benevolence of the butcher, the brewer, or the baker that we
expect our dinner, Wt from their regard for their own interest. We address
ourselves not to their humanity, but to their $elfe, and never talk to them of our
necessities, but of their advantage.”

Adam Smith (1776)

There is not much to disagree with Smith’s poetic amalysthe motivation driving most
market behavior Yet pure seHnterest is far from a complete description of human
motivation, and realism suggests that economists should move away from the presumption
that people are solely seifterested Massive exprimental evidencdsee for example
Dawes and Thaler, 1988hakes clear that preferences depart from pureirgelfest in
nonttrivial ways: subjects contribute to social goods more than can be explained by pure
selfinterest; they often share money whaeyt couldreadily grab it for themselves; and
they often sacrifice money to retalidte unfair treatmen(Rabin, 1998).

A simple hypothesis for how people care about others’ batig has théongest
history in economics:lauism, the positive concerrfor others as well asneself. Altruism
can be either “general” or “targeted®dnemaycare about all others’ wellleing, or maybe
selectedothers’ (friends, family) wellbeing. Most oftenthe more a sacrife helps
somebody the more likelgne is willingto make this sacrife. This is predicted by simple
altruistic preferenceswhich assumethat people weight others’ utility positively in their
own utility function. In this sense, assuming simple altruism provides insight into
departures from selfteres. But such simple altruism is not adequate for understanding
many behavios. Two other aspects dfocial preferences show up prominently in
psychological and recent experimenéglonomic evidence. First, people care about the
fairness and equity of thedfiibution ofresources, beyond ways thast increasedirect
total well being. Seconlgl, people care about intentions and motives and want to
reciprocate the good or baehaviorof others. The literaturthat identifies the nature of
social preferences among the most active areasre$earch in experimental economics

(Rabin, 2003). Recentlythe research group of Ernst Fehr at the Institute for Empirical



Behavioral Finance and Agent-Based Computational Economics 73

Research in Economics at the University of Zutichs attracted a lot of interest for their
work in this field (see for examplBehr and Gachte002.

Charness and Rabin (2002) design a range of simple experimental games that test
these theories more directly than existing experiments. Their experiments show that
subjects are more concerned withreasing social welfare, sacrificing to increase the
payoffs for all recipients, especially lepayoff recipients, than with reducing differences
in payoffs. Furthermotethey find that subjects are also motivated by reciprocity: they
withdraw willingness @ sacrificein orderto achieve a fair outcome when othatsoare
unwilling to sacrifice Moreover unfair behavioris sometimes punishe€harness and
Rabin provide the following examples involving decisiorgardinghow much money
(either pennies in &keley, California, or pesetas in Barcelona, Spain) to alldedtecen
two anonymous parties. The first example involves Party C choosing between two

different allocations for two other anonymous parties, A and B:

C chooses between (A, B) allocatior{$7.50, $3.75) vs. ($4.00, $4.00)

They find an approximate allocation of 50:50. A natural interpretation of these findings
(consistent with other experimental evidence) is that C may want to help these parties, but
cares about both social ifiency and équality” producing a desire to help tpartythatis
worse off. Those who care relatively more about social efficiency choose the higher total
surplus outcome ($7.50, $3.75), while those caring more about helpirigvtihge df”
choose ($4.00,$4.00).

Now Charness and Rabtonsider the same situation, except thaa®one ofthe

two interested partiess making the choice.
B chooses between,(B) allocations : ($50; $375) vs ($4.00, $4.00)
Charness and Rabfind that subjects seleet40:60 allocationon averageB does indeed

seem to have similar preferencestl@sneutral party C, thougB is a bit less willing to

choose the allocation that is good for A and bad for herself. Tihexehce which in these

° URL: http://www.iew.unizh.ch/home/fehr/



Behavioral Finance and Agent-Based Computational Economics 74

cases and by replication is small =tatistically sigrficant may be because B is self
interested, or because she is envious of coming out behimtieAprevious two examples
illustrate how parties might assess the attractiveness of different allocations in a
“reciprocity-free” context. Tht is, one party is making a decision that affects one or more
other parties who have not themselves behaved nobly

To see how reciprocation of th@ehavior of others might affect choice, now
suppose that B makes the same choice as in the previous exaumgleooses after A has
created herchoice by rejecting ($5.50, $5.50). A’s decision to forego an allocation of
($5.50, $5.50) in favor of trying to get B to choose ($7.50, $3.75) is clearly selfish and
unfair behavior since it involves amall increasein total surplus while leading to an

unequal allocation. Charness and Rabin’s findingasufellows:

B chooses between (A; B) allocations : ($7:50; $3:75) vs: ($4:00; $4:00)

They find an approximate allocati of 10:90. They conclude thBtis much leswilling to
sacrificein orderto give the good allocation to,Aollowing the obnoxious choice by A.

B’s choice in the previous two examples is identical in terms of outcomes. And yet here,
and in many related examples, players in games behave systdmatitferently as a
function of previousdehaviorby other players. This shows that people care not just about
outcomes, but also how they arrived at those outcomes. The fact that preferences cannot
solelybe defined over outcomes can be reconciled pidlierence theory, but requires an
expansion of the notion of what enters the utility functiimese additionalcomplications
appear necessary to do justtceeconomic models and are crucial for understanding the
nature of retaliation and reciprocal alsm. Fehr and Gachter(1998) even statethe
existence of “Homo Reciprocans”. According to their workciprocity can account for a

wide range of empirical phenomena, since it

* is a powerful effort elicitation device

» explains why emplagrs refuse to hirainderbiddersand, hence why wages are
downwardly rigid

* gives rise to noitompensating wage differentials and to a positive correlation
between profits and wages

» provides a rationale for the absence of explicit financial incentives
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* is a key force that susnhs social norms

Nevertheless, theyalso found a nomegligible fraction ofindividuals who do not
reciprocate andbehavecompletely selfish. The coexistence of reciprocal and selfish types
raises exciting questions about their possible interabebiavor.

Recently Quervain et al. (2004) investightte underlyingheuralmechanisms of
altruistic punishmenby using Positron Emissionomography(PET) in an economic
exchange experimenBubjects could punish defection either symbolically or effectively.
Symbolic punishment did not reduce the defector's economic payoff, whereas effective
punishment did reduce the payoff. Quervain et al. scanned the subjects’ brains while they
learned about the defector’s abuse of trust and determined the punishmentveEffecti
punishment, as compared with symbolic punishment, activated the dorsal s{aabuam
area) which has beerelated tothe processing of rewards that accrue as a result of goal
directed actions. Moreover, subjects with stronger activations in tisaldgiriatum were
willing to incur greater costs in order to punidte resultssupport the hypothesis that
people derive satisfaction from punishing norm violations andntbatonalactivation in
the dorsal striatum reflects the anticipated satisfadtmm punishing defectors.

2.24 Emotions

“Of all the ways of defining man, the worst is the one which
makes him out to be a rational animal.”

Anatole France

Emotions are a neglected topic, especially in the field of economics. This is surprising
since economg is concerned with the best ways of promoting human satisfaction in a
world of scarce resources. With one exception, all human satisfaction comes in the form of
emotional experiences. The exception is the hedonic satisfaction produced by the senses,
for example the taste of sweetness on the tongue or the feeling of woneaface after

a long climb. Such sensations differ from emotions in that no prior cognition is necessary

to produce themThus onedoesnot haveto recogrnze the windas wind to enjoythe
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sensationOn the contraryto get angry wheran Albanian host offers a cup of tea by
passing it under his left arone hago know that in Albania this is considered an insult.
For infants, sensations may be the most important source of satisf&eiromost adults,
they take second placH one grants the truth of that claim, or even of the weaker claim
that emotional experiences are important sources of human satisfacewmould expect
economists to have studied the ways in which people @agdheir life to maximize
emotional satisfactianFurthermore economis&hould have tried to identify sources of
suboptimal emotiorseekingbehaviorandshouldsuggestvays of improving thissehavior
(Elster, 1996)

Contemporary economic work focuses estlely on the role of emotions in
sustaining (or preventing) cooperative interactions (Hirshleifer, 1987; Frank, 1988). No
economist has considered emotions in their main role as providers of pleasure, happiness,
satisfaction, or utility. To put it crudgl economists have totally neglected the most
important aspect of their subject matter. No doubt there are reasons for this neglect. One is
the lack of a metric. If you ask someone whether he prefers shame or grief, whether he
would rather be caught cheaj at an exam or have his fiktnd leave him, he would
probably be at a loss for an answEmotions themselvesterfere wth our ability to
observe then{Montaigne cites Petrarch to the effect thide who can describe how his
heart is ablaze is burrgnon a small pyrg. Another reason may be the lack of good
theories of how emotions are triggered and transformed in encounters with the world. A
further reason may be thamotional satisfaction is largely (but not only) derived from
encounters with otligoeople rather than from material goods and that these are encounters
not mediated by the market. A final reason may be an unclear insight that people do not
usually try to maximize their good emotional experiences, and that they are likely to fail if
they try. Economists may be deterred from studying emotions simply because people do
not seem to manage their emotional life very ration@&lgter, 1996).

Emotions, like beliefs and desstecan be conceived either@asrent mental events
or as disposition for such events to occur. Whereas emotions are only to a small extent
under the control of the will, dispositions che consciously shapdd a larger extent. A
straightforward charactedation of the emotions might be that they go together with
physiobgical arousalThe arousal need not be very strong, and may arguably be absent

altogether, as in the puzzling case of the aesthetic emdEtsisr, 1996).
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One feature that distinguishes emotions from pain is émabtions have an
intentional object. Inhat respect, they are like beliefs and deskPagchologis argue that
this feature may also be absdot, examplen freefloating anxieties Althoughone could
think of such cases as dispositions to feel anxious about many individual occurhences
most caseemotions are intentional. As Hume warnedeshould take care not to confuse
the objectof an emotion with its causd: $omeonefor instancereceives bad news in the
mail, he might react by getting angry ats family. Also unlike pain, emadnsusuallyhave
a cognitive antecedenfof some exceptionsee Golemanl1995). Before we can react
emotionally to a situation, we have to process it cognitively. We must decide whether the
person stamping on my foot on the subway did so intentignaligther the person who
got the job Iwanted obtained it by immoral meangtc. Often, as we shall see, the
emotions haveognitive consequences as well, tleey may cause a reassessment of the
situation that caused them in the first pladhen pain keepas awake at night, we want it
to end When we are kept awake by love, we wHrg emotion tacontinue Unlike pain
and unlike emotions such as grief or guilt, love is a highly desirable disposition. In the
language of psycholgy it has positive valencelther emotions such as the ones just
mentioned have negative valendhuswe would rather not have therbu¢ we might
welcome the disposition to have theif8pme emotions may be neutral in this respect, such
as a bittersweet feeling of nostalgia thatasised by a contrast effect and an endowment
effect that exactly offset each eth(Tversky and Griffin, 1991).

In addition to arousal, intentionality, cognitive antecedents, and valence, most
emotions are associated with a characteristic action tendehey.adtion tendency of
shame is to hide or disappg#rat of guiltis reconciliationand repairs; that of anger, to
strike that of fear, to run; that of joy, to dance. But not all ematibave such action
tendencies: &lness and grief, and the aesthemgotions, do not seem to have any.
Although spontaneous emotional urges are largely outside the control of the will, we can
refrain from acting on thenfsee Goleman1995. Furthermore emotions tend to have
visible physiological expression: turning redyrting pale, smiling, baring one's teeth,
crying, blushing, fainting, frowning, etc. These expressions are related both to arousal and
to action tendencyalthough different from both. Unlike arousal, the expression of an
emotion is to some extent withihe control of the will (but see Ekmah992). Unlike

action tendenciesxpressions are not intention@&lister, 1996).
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How are emotions related to decision making? Damasio (1994) and LeDoux (1996)
argue that emotions improve decision making in two respEast, they enable us to avoid
procrastination, i.e. to make a decision when it matters rather than making the optimal
decision.Thus emotions allow us to decide among options none of which is rationally
superior to the others (De Sousa, 19&&condjn some cases emotions can actually help
us making the best decision. In both cases, it is assumed that decision guided by emotions
and reason is better than what can be achieved by rational deliberation alone (Elster, 1998).

The earliest documented statamh of the first problem was by the philosopher
Ronald @& Sousa (1987He observed that rationrahoice theory is indeterminate in many
situations, since it does not allow us to identify the uniquely optimal attorter (1964
p. 252 observed that thattempt to reduce satisficing (Simon, 1955) to a form of
maximizing gives rise to an infinite regress, because the “choice of armpafimizing
information structure itself requires information, and it is not apparent how the aspiring
profit maximizer aquires this information, or what guarantees that he does not pay an
excessive price for it.De Sousa (1987, p. 195) states that the “role of emotion is to supply
the insufficiency of reason [...] For a variable but always limited time, an emotion limits
the range of information that the organism will take into account, the inferences actually
drawn from a potential infinity, and the set of live options from which it will choose.”

Damasio (1994) argues that emotional responses enhance our capacity to make
good decisions, not by guiding us to the best possible decision, but by ensuring that we
make somedecision in situations where procrastination is likely to be disastrous. The
implicit premise of this interpretation is that rationality has an “addictionessan”
(Elster, 1989p. 1173. Some people do indeed seek to make all decisions on the basis of
sufficient reasons. But that makes them irrational rather than rational. A rational person
would know that under certain conditions it is better to follow semgkcision rules
(heuristics) than to use more sophisticated procedures with higher opportunity costs. Thaler
(1980) argues that neglect of opportunity costs and excessive focus -oftpogket
expenses is a frequent source of cognitive irrationalitythEunmore the neglect of
opportunity costs that are created by the fact that decision making takes time is also an
important and persistent source of irrationality.

For the second proble@amasio (1994)provides evidencdased on work with

patients with brim lesions. Although he speculates th&eduction in emotion may
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constitute an [...] important sourcé irrationalbehaviot (p. 53), his work only supports

the weaker conclusion thaThe powers of reason and the experience of emotion decline
togethet (p. 54). Thus Damasio onlprovesthe correlationthatbrainlesioned patients are

both emotionally flat and unable to make decisjdms notthe causation. Histudies show

that peoplaise “somatic markersd makedecisionsn largely indeterminatandcomplex
situations Somatic markers are referred to g feelings that are not available to the
emotionally disabledwho for that reason tend to procrastinate indefinit€pmatic
markersmay also help us to form rational beliefs. First, many piecesfofmation that

we possess are not consciously acknowledged. Secondly, the cognitive basis of the
emotions includes unconscious knowledgkster, 1996).

2.25 Discussion

One weakness dbehavioal finance as viewed by ritics, is that thereobviously exist
competingbehavioal explanations for particular empirical faclisis sometimes said that

the long list of cognitive biases offebehavioal modelers so many degrees of freedom
that anything can be explaineBior exampleGigerenzer (1996)presentsa prdound
critigue of Kahneman and Tverskg/'so-called heuristicsandbiases approachde states

that acording to their approachudgments of probability or frequency are sometimes
influenced by what is similar (representativeness), comes easily to minldi{ang), and

comes first (anchoring)Gigerenzerarguesthat tie problem with these heuristics is that
they at once explain todgttle and too muchtoo little, becaus@ne doesiot know when

they work and how;ado much, because, post hoc, one of tham lee fitted to almost any
experimental result. For example, base rate neglect is commonly attributed to
representativeness. However, the opposite resaoiterweighting of base rates
(“conservatism”), is as easily “explainetly saying the process is andng (on the base

rate) and adjustmenfEurthermore Gigerenzer argues ttiere are two major obstacles to
understanding these cognitive processes. The first is that the norms for evaluating
reasoning have been too narrowly drawn, with the consequerigedigeents deviating

from these norms are mistakenly interpreted as cognitive illusions. The second is that
vague heuristics have directed attention away from detailed models of cognitive processes
and toward poshoc accounts of alleged error&igerenze suggests thatni place of
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plausible heuristics that explain everything and noti{img} even the conditions which
trigger one heuristic rather than ano)henodels whichmake falsifiable predictions and
are able taeveal the mental processes that explath valid and invalid judgmerdre
neededsee Gigerenzer, 1996; Gigerenzer, 2000)

Nevertheles8arberis and Thaler (2003) concede that there are numerous degrees
of freedom, but note that rationalodeles have just as many options to choose from. As
Arrow (1986) has forcefully argued, rationality per se does not yield many predictions. The
predictions in rational models often come from auxiliary assumptions.

In arecent reviewHirshleifer (2001)states that many psychological biases can be
viewed asoutgrowths of heuristic simpication, selfdeception, and emotidmased
judgments. Heuristic simgication may explain many different documented biases, such
as salience and availability effects (heavy focus on information that stands out or is often
mentoned), framing effects (wherein the description of a situation affects judgments and
choices), money illusion (wherein nominal prices affect perceptions), and mental
accounting (tracking gains and losses relative to arbitrary reference pointsje&aion
can explain overcdience (a tendency to overestimate ones ability or judgment accuracy),
and dynamic processes that support ovdidence such as biased satfribution (a
tendency to attribute successes to one’s own ability and failure to baddrducther
factors), cofirmatory bias (a tendency to interpret evidence as consistent with one’s
preexisting beliefs), hindsight bias (a tendency to thhet you “knew it all along},
rationalization (straining to come up with arguments in favor of oress jpdgments and
choices), and actieimduced attitude changes of the sort that motivate cognitive dissonance
theory (becoming more strongly persuaded of the validity of an action or belief as a direct
consequence of adopting that action or belief; seep@oand Faziol1984). Feeling or
emotionbased judgments can explain mood effects (such as the effects of irrelevant
environmental variables on optimism), certain kinds of attribution errors (attributing good
mood to superior future life prospects rattlean to immediate variables such as sunlight
or a comfortable environment), and problems of-seiftrol (such as ditulty in deferring
immediate consumption and the effects of feelings such as fear on risky choices).

According to Barberis and Thaler (Z)0economists arewary of this body of
experimental evidenaelated to cognitive biasé®cause they believkat

* people, through repetition, will learn their way out of biases
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» experts in a field, such as traders in an investment bank, will make femex err

» with more powerful incentives, the effects will disappear.

While all these factors cameakenbiases to some extent, there is little evidence that they
wipe them out altogether. The effect of learning is often muted by efapgplication:
When the [as is explained, people often understand it, but themediately proceed to
violate it again in specific applicationsven &pertiseis often aburdenrather than a help:
Experts, armed with their sophisticated models, have been found to exhibit more
overconfidence than laymen, particularly when they receive only limited feedback about
their predictions. Finally, in a review of dozens of stud@smerer and Hogarth (1999.

7) conclude that while incentives can sometimes reduce the biases peoplg displa

replicated study has made rationairtglations disappear purely by raising incentives

2.3 Market Anomalies

Anomalies are empirical results that seem to be inconsistent with maintained theories of
assefpricing behavior They indicate either marketefficiency (profit opportunities) or
inadequacies in the underlying aspating model At a fundamental level, anomalies can
only be defined relative to a model of “normal” retloehavior Fama (1970) noted this
fact early on, pointing out that test$¢ market efficiency also jointly test a maintained
hypothesis about equilibrium expected asset returns. Thus, whenever someone concludes
that a finding seems to indicate market inefficiency, it may r@presenevidence that the
underlying assepricing model is inadequatg&chwert, 2003)

Neverthelessin recent years a body of evidence on security returns has presented a
sharp challenge to the traditional view that securities are rationally priced to reflect all
publicly available information. Accordg to Daniel Hirshleifer, and Subrahmanyam

(1998) some of the more pervasive anomalies can be classified as follows:

* Eventbased return predictability, i.e. pubkwventdate average stock returns are of
the same sign as average subsequent-amgabnormb performance(see for

example Bernard and Thomas, 1989).
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» Shortterm momentum, i.e. positive short term autocorrelation of stock returns, for
individual stocks and the market as wh(@ee for example Jegadeesh and Titman,
1993)

* Longterm reversal, i.e.a@gative autocorrelation of shagrm returns separated by
long lags or “overreaction(see for example De Bondt and Thaler, 1985).

* High volatility of asset prices relative to fundament@se for example Shiller,
1981)

* Postearnings announcemedtift: Earnings announcements set off a stock price
movement in thalirection indicated by the earnings surpriseghe shorrun, but
abnormal stock price performanckifts in the opposite direction of loAgrm
earnings change¢see for exampleDe Bondt, and Maler, 1987;Lakonishok,
Shleifer and Vishny, 1994

Disagreement over the scientific interpretation ofdbevementioned evidenceemains
One possibility is that these anomalies are chance deviations to be expected under market
efficiency (Fama, 1998)Daniel Hirshleifer, and Subrahmanyam (1998) state that the
evidence does naomply with this viewpoint since some of the return patterns are strong
and regular. Oubf-sample tests in time and location have established several of these
patterns as regaitities. For example the size, betmkmarket, and momentum effects are
present both internationally and in different thmeriods. Furthermorethe patterns
mentioned in everbased return predictabilitgorrespondwith the results of thegreat
majority o event studies.

Alternatively these patterns could regesvariations in rational risgremia. Due to
the high Sharp ratios (relative to the market), which are apparently achievable with simple
trading strategies (MacKinlay, 1995), any asset pricingsistent with these patterns
would have to have extremely variable marginal utility across st&tasipbell and
Cochrane (1999find that a utility function with extreme habit persistence is required to
explain the predictable variation in market returns.stay consistent with crosectional
predictability research on size, betkmarket, and momentum, a model would
presumably require even more extreme variation in marginal utilities. Furthermore, the
model would require that marginal utilities covaryosgly with the returns on the size,

bookto-market and momentum portfolios. No such correlation is obvious in examining the
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data. Given this evidence, it more thanreasonable to consider explanations for the
observed return patterns based on boundeibnedity (Daniel, Hirshleifer, and
Subrahmanyam, 1998)

2.3.1 TheEquity Premium and Myopic L oss Aversion

The stock market has historically earned a high excessfragturn. For exanip, using
annual data from 1871993, Campbell and CochrafE99)documen evidencethat the
average log return on thega®dardand Poor’'s 500 index is 3.9 percehigher thanthe
average log return oa shortterm commerciabond This ha beenknown as thesquity
premium puzzle since the work of Mehra and Prescott (1988)ough these facts are
widely agreed on they remaanlittle controversial sinceesearcHiterature has argued that
the equity premium is overstated due to survivorship bias (Brown, Goetzmann and Ross,
1995).

According to Barberis and Thaler (2008gtcoe of the equity premium puzzle is
that even though stocks appear to be an attractive #ssghave high average returns and
a low covariance with consumption growffhusinvestors appear very unwilling to hold
them. In particular, they appeardemanda substantial risk premium in order to hold the
market supplyBehaviorl finance hasapproackd this puzzlebased omreferences, in
particular with applying the predictions pfospect theory

One of the earliestvorks whichlinks prospect theory to thequity premium is
Benartzi and Thaler (1995). They study how an investor with prospect thismpey
preferences allocatdsis financial wealth between treasurjisband the stock market.
Prospect theory argues that when choosing between gambles, peoplétedhe gains
and losses for each one and select the one with the highest prospective udlfipahrcial
context, this suggests that people may choose a portfolio allocatmiputing, for each
allocation, the potential gains and losses in theevaf theirholdings, and then taking the
allocation with the highest prospective utility.

In order to implement this moddBenartzi and Thalespecify how often investors
evaluatetheir portfolios. Tosee why this mattearberis and Thaler (2008pmgare two
investors: energetic Nick who calculates the gaing losses in his portfolio every day,
and laidback Dick who looks at his portfolianly once per decade. Since, on a daily basis,
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stocks go down in value almost as oféanthey go up, the lossexsion built intathe value
function U (see sectior2.2.3.10n prospect theorynakes stocks appear unattractive to
Nick. In contrast, loss aversion does not have much effect on Dick’s perception of stocks
since at ten year horizons, stocks offer only a small risk of losing money.

Rather than simply pickg an evaluation intervaBenartzi and Thaler (1995)
calculate how often investoreould have to evaluate their portfolios to make them
indifferent between sté&s andtreasury bis. This calculation can be thought of asking
what kind of equity premium might be sustainable in equilibrium: how ofteald
investors need to evaluate their gains and losses so that even in the facdaojehe
historical equity pemium, they would still be happy to hold the market supplyeasury
bills. Benartzi and Thalefind that for the parametric formaf the probability weighting
function 7 and the value functionv estimated in experimental settinggee section
2.2.3.) the answer is one yeafhey concludethat this is indeed a natural evaluation
periodfor investors to use. The way people frame gains and losses is plausibly influenced
by the way informatn is presented to them. Since we receive our most comprehensive
mutual fund reports once a year, and do our taxes once a year, it is not unredbahable
gains and losses might be expressed as annual changes in Wauealculationof
Benartzi and Thak therefore suggests a simple way of understanding thehistrical
equity premium. If investors get utility from annual changes in finanvegdlth and are
loss averse over these changes, their fear of a major drop in finaaal#h will lead them
to demand a high premium as compensatiBenartzi and Thaler (1995gall the

combination of loss aversion and frequent evaluations myopic loss aversion.

2.3.2 TheVolatility Puzzle

Stock returns and priedividend ratios are both highly variable. In the sam@a dat, the
annual standard deviation of excess log returns on the Standard and Poor’s 500 is 18
percent, while the annual standard deviation of the log-pigdend ratio is 0.27These
facts are called the volatility puzzle since they are hard tonedie® in a simple
consumptiorbased model (Campbell, 1999).

To understand the volatility puzzle, Barberis and Thaler (2003) note that in a simple

economy, both discount rates and expected dividend growth are constant over time. A
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direct application of thpresent value formula implies that the priteidend(P/D) ratio is

also constantThe standard deviation of log returns will therefore only be as high as the
standard deviation of log dividend growth, nam&R percent The particular volatility
puzzleillustrates a more general point, first made by Shiller (1981) and LeRoy and Porter
(1981), namely that it is difficult to explain the historical volatility of stock returns with
any model in which investors are rational and discount rates are constad. tBe
volatility of log dividend growth is only 1percentthe only way for a model to generate

an 18 percentvolatility of log returns is to introduce variation in the P/D ratio. But if
discount rates are constant, the presahie formula shows théhe only way to do that is

to introduce variation in investors’ forecaf the dividend growth rate: Bigher forecast
raises the P/D ratio, a lower forecast brings it down. If investors are rational, their
expectations for dividend growth must, on agerebe confirmed. In other words, times of
higher (lower) P/D ratios should, on average, be followed by higher (lowenrfloash
growth. Unfortunately, pricelividend ratios are not reliable forecasters of dividend
growth, neither in the USA nor in mostannational markets (Campbell, 1999).

Shillers and LeRoy and Porter’s results shocked the profession when they first appeared.
At the time, most economists felt that discount rates were close to constant over time,
apparently implying that stock marketlablity could only be fully explained by appealing

to investor irrationality. Today, it is well understood that rational variation in discount rates
can help explain the volatility puzzle, although models with irrational beliefs also offer a
plausible wayof thinking about the eviden¢Barberis and Thaler, 2003)

For exampleBarberis, Huang and Santos (2001) show that their model can explain
both the equity premium and volatility puzzles based on bounded rational preferences.
They appeal to experimentalidence about dynamic aspects of loss aversion. This
evidence suggests that the degree of loss aversion is not the same in all circumstances but
depends on prior gains and losses. In particular, Thaler and Johnson (1990) find that after
prior gains, subjge take on gambles they normally do not, and that after prior losses, they
refuse gambles that they normally accept. The first finding is sometimes known as the
“house money effect”, reflecting gamblers’ increasing willingness to bet wWieanare
ahead. @e interpretation of this evidence is that losses are less painful after prior gains
because they are cushioned by those gains. Nevertheless, after being burned by a painful

loss, people may become more wary of additional setbacks.
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To capture these ideaBarberis, Huang and Santos (2001) modify the utility
function in their model, that the investors’ sensitivity to losses is no longer constant, but is
determined in a way that reflects the experimental evidence described Abmeelel of
this kind can helpo explain the volatility puzzle-or exampleif one sipposs that there
arepositive castHlow news,these newspush the stock market up, generating prior gains
for investors, who are now less scared of stocks: any losses will be cushioned by the
accumiated gainsAs a consequendavestorsdiscount future cash flows at a lower rate,
pushing prices up still further relative to current dividends and adding to return volatility
(Barberis and Thaler, 2003).

2.3.3 Predictability in Returns

“The reaction of one @n can be forecastytmo known mathematics;
the reaction of a billion is something else again.”

Isaac Asimov

Stock returns are forecastabRy using monthly, real, equaleighted New York Stock
Exchangereturns from 1941986, Fama and Freim1988) are lale to show that the
dividendprice ratio (see section2.3.2 can explain 27 percent of the variation of
cumulative stock returns over the subsequent four yédttoough these facts are widely
agreed on thewre not uncontroversial since a largp@dy of literature has debated the
statistical significance datime seriespredictability

The predictability puzzlas closely related to the volatility puzzle (see section
2.3.2, sincein any model with &tationary P/D ratio, a resolution of the volatility puzzle is
simultaneously a resolutioof the predictability puzzleThis holds becauseng model
which captures the empirical volatility of returns must involve varaiio the P/D ratio.
Moreover, for a model to be a satisfactory resolution of the volatility puzzle, it should
make the counterfactual prediction that P/D ratios forecast subsequent digrderit.
Now suppose that the P/D ratio is higher than averéige.only way it cameturn to its

mean is ifthe cash flowsof dividends(D) subsequently go up, or if pric€B) fall. Since
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the P/D ratio is not allowed to forecast cash flows, it must forecast lower returns, thereby
explaining the predictability puzz(®arberis and Thaler, 20Q3)

2.34 Herding Behavior

“Fashion is the great governor of this world; it presides not only in matters of
dress and amusement, but in law, physics, politics, religion, and all other things of
the gravest kind; indeed, the wisest afmwould be puzzled to give any better
reason why particular forms in all these have been at certain times universally
received, and at others universally rejected, than that they were in or out of
fashion’

Henry Fielding

Certain classes of investors atfikir agents change thelrehavior in parallel This
phenomenon, called herding, is consistent with rational responses to new information,
agency problems or conformity bia&ccording toDaniel, Hirshleifer, and Teof2002)
herding behaviorhas been docuemted in the trading decisions of institutional investors
(see for exampl&rinblatt, TitmanandWermers, 1995)in recommendation decisions of
stockanalysts (Welch, 2000), and in investmeetvsletters (Graham, 1999). The tendency
of analysts to followthe prevailing consensus is not stronger when that consprstes
to be correct than whenptoves to bavrong (Welch, 2000).
Devenow and Welch (1996) state that imitation and mimicry are among our most
basic instincts. Herding can be found in fashiod &ds, just as in such simple decisions
as how to best commute and what research to work on. Thengrasngnent belief, not
only among practitioners but also among financial economists, that investors are
influenced by the decisions of other investamsg that this influence isfast-order effect.
Devenow and Welclarguethat itis difficult to precisely definéherding”. In its
most general form, herding could be definedb@lsaviorpatterns that are correlated across
individuals.On the other handf many investors are purchasifigot stocks, it could just
be due to correlated information arrival in independently acting investors. The notion of

herding which Devenow and Welcliocus on isone which can lead to systema#ind
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erroneoudi.e. suboptimal relative to the best aggregate chpaecisionmaking by entire
populations. In this sense, herding is closely linked to such distinct phenomena as
imperfect expectationgconsistenthanges without much new information, bubbles, fads,
and frenzies. Furthermore érding does require a coordination mechanism. This
mechanism can be either a widely spread rule to coordinate based on somefaignal (
examplea price movement), or based a direct ability tabserve other decisiemakers

(for exampleobseving a colleaguegmvestments).

There are two polar views of herdinpe nonrational andhe rational views. The
nonrational views focus on investor psychology andtate that agents behave like
lemmings, following one another blindly and foregoingiorsl analysis. Less crazy
investors arassumed tde able to profigenerouslyrom them The rational view focus
on externalities, optimal decisiomaking being distorted by information difficultieer
incentive issues. The inteadiate view holds thadecision makers are nearational,
economizing on information processing on information acquisition costs by using
heuristics, and that rational activities by thpdrties cannot eliminate this influence
(Devenow and Welch, 1996)

A psychological andheurologicalexplanation is provided by Prechter (2004
states that human herdimghaviorresults from impulsive mental activity in individuals
responding to signals from thehaviorof others. Impulsive thought originates in the basal
ganglia andimbic system. In emotionally charged situations, the limbic system's impulses
are typically faster than rational reflection performed by the neocortex. Exgesd with a
small number of nae individuals as well as statistics reflecting thehaviorof large
groups of financial professionals provide evidence of herdéetgvior Herdingbehavior
while appropriate in some primitive |HBreatening situations, is inappropriate and
counterproductivéor success in financial situations. Unconscious impulsgsevolved in
order to attain positive values and avoid negative vatre®urageherding behavior
making rational independence extremely difficult to exercise in group settings. A negative
feedback loop develops because stress increases impulsivé aotintty, and impulsive
mental activity in financial situations, by inducing failure, increases stress. The interaction
of many minds in a collective setting produceacrobehaviorthat is patterned according
to the survivakrelated functions of the pmitive portions of the brain. As long as the

human mind comprises the construction and its functions, patterns of hieethizngjorwill
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remain immutableThis is the psychological basis of financial market trends and patterns
andmaybe exploited by momemt based trading strategies.

Furthermore Hirshleifer andTeoh (2003)assune that here are many patterns of
convergentbehavior and fluctuations in capital markethat do not obviously make
immediate sense in terms of traditional economic modéisy povide examplesuch as
fixation on poor projects, stock market crashes, sharp shifts in investment and
unemployment, bank runs. Subbhavioal convergence often appears even in the ddce
negative payth externalities. Although other factouch as payff externalitiescanlock-
in inefficient behavios, the rational social learning theory and especially casthdesy
differ in that they imply pervasive but fragile hdvdhavior This occurs beause the
accumulation of public information slows downldocks the generation amevelation of
further information. This idiosyncratic feature of cascades and ratmiosdrvational
learning models cause the social equilibrium toubstablewith respectto seemingly
modest new shocks.

According to Hirshleife and Teoh (2003)ational observational learning theory
suggests that in many situations, even ifgfsyare independent and people are rational,
decisions tend to converge quickly lahd to be idiosyncratic and fragile. Convergence
arises locally orémporally upon dehavior and can suddenly shift into convergence on
the oppositdehavior The required assumptions, primarily discreteness or boundedness of
possible action choicesre mild and likely to be present in many realistic sedtifigpis
suggests that thefeectsof observational learning and herding lkely to afectbehavior
in and related to capital markets. This includes both hetmyrfgyms and actions byirms
such asfinancing, disclosure and reporting policies tbah potentiallype managed to
exploit investors that herd. Similarly, perhaps the spesidll that some hedge fund and
mutual fund managers seem to have is in exploitinghérdingbehaviorof imperfectly
rational investors.

Models of reputatioftbased herding do notgically share the fragility feature of
rational observational learning theoReputationbased models have muchdffer. This
includes explanation of those herds that seem stablechogdt. As another examplihe
reputation approach helpgplain dispesion as well aderding, and when one or the other
will occur. Reputation models alsdfer a rich setof implications about the extent of

herding in relation to characteristics of the agepoyblem and the managdn most
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instances herding in capital amkets likely involve mixtures of reputation&fects,
informational & ects, direct payid interactions, preferenceffects, and imperfect
rationality. For example, to explain predictability in securities markets, some imperfect
rationality is likely tobe needed. Integration of thefférent &ects will lead to better

theoriesof capital markebehavior(Hirshleifer and Teoh, 2003)

2.3.5 The Shaping Hypothesis

There is some evidence that specific anomalies become less frequent in repeated
experimental marke. Some of this evidence shows a particularly interesting feature:
anomalies are eroded when individuals’ preferences or valuations are elicited in repeated
markets, but not when they are elicited by other mechanisciading repetition,
incentives anddedback (Cox and Grether, 1996; Shogren et al., 2001).

According to Loomes, Starmer, and Sugden (2003 oterpretation is that
individuals, particularly marginal traders, are learning to act on underlying preferences
which satisfy standard assumptioiifie mechanisms to explain this typebahaviorare
the refining and market discipline hypotheses. Both theories assume that each agent has
true preferences that are independent of the mechanisms via which they are revealed or
elicited. Both hypotheses asse that a repeated elicitation mechanism filters some or all
extraneous errgrand biasswithout affecting the preferences themselves. The assumption
that preferences afenechanism independénis crucial if such hypotheses are to justify
conventional eonomic theory as an explanationbahaviorin real repeated markets.

An alternative interpretation, the “shaping” hypothestgtesthat individuals’
preferences are adjusting in response to cues given by market pAreesshaping
hypothesissays that, in repeated auctions in which pricespresentno informatioml
content, there is a tendency for agents to adjust their bids towards the price observed in the
previous market periodf there is some element of common value in an auction, such an
adjustmat rule may be consistent with Bayesian updating of agents’ beliefs about the
value of the good for which they are bidding. But the shaping hypothkssiapplies to
cases in which values are entirely private. The intuition behind the hypothesis jsitrat,
to her involvement in a specific market, an agent may not haveartielilated preferences
waiting to be “discovered”. Instead, values may be only partially formulated and/or
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imprecise, so that when confronted by an elicitation mechanism, res@oasgsnerated
using heuristics in which market prices act as cues.

The experimental results €bomes, Starmer, and Sugdsmggest that systematic
shapingeffects do occur. Ibehaviorin markets is indeed influenced by shaping, the
validity of repeated nr&et mechanisms as means of eliciting individuals’ preferersces
questiord If such mechanisms are to be used for this purploeg,need to be designed in
the light of an understanding of the dynamicssloéping. It is possible that shapirige
loss aersion is itself a bias which markeixperience eventually eliminates. Butomes,
Starmer, and Sugdentssultsprovide grounds for scepticism dhis interpretation Their
conjecture is that shaping is associated with preference imprecdistolesssure a person
is about what her preferences realhg, the morsusceptibleshe is to external cues such
as information about market prices. If thatright, one should expect any erosion of
shaping effects to be associated withreluction in the stochis component of
individuals’ preferencesBut Loomes, Starmer, and Sugdenésultsgive little support to

the idea that preference imprecision declines with mankg¢rience.

2.3.6 Discussion

Puzzling questions emerge if researchers investigate the aggsegektemarket and the
aggregate market participantehavior While thebehaviorof the aggregate stock market

is not easy to understand from the rational point of view, promising rational models have
nonetheless been developed and can be tested algahastioal alternatives. Empirical

studies of thebehavior of individual stocks have discovered a set of fabist are
altogether more frustrating for the rational paradigm. Many of these facts are about the
crosssection of average returnshdy documenthat one group of stocks earns higher
average returns than another. These facts have come to be known as anomalies because
they cannot be explained by theensimplest and most intuitive model of risk and return

in the financial economist’s toolkit, thea@ital Asset Pricing ModelAccording to

Barberis and Taler (2003) iree of the most strikingnarket anomalieare:

* The Equity Premium, i.e. the stock market has historically earned a high excess rate
of return 6eeMehra and Prescott, 1985).



Behavioral Finance and Agent-Based Computational Economics 92

* High volatility of asset prices relative to fundamentals (see for example Shiller,
1981).

* Predictability of stock returns (see for example Fama and French, 1988).

All three of these facts can be labelled puzziese they are hard to rationalize in a simple
consumpin-based modelThe first fact has been known as the equity premium puzzle
since the work of Mehra and Prescott (1985). Campbell (1999) calls the second fact the
volatility puzzle and Barberis and Thaler (2003) refer to the third fact as the predigtabilit
puzzle. Although these facts are widely agreed on, they are not completely uncontroversial.
For example a vast literature has debated the statistical significance of the time series
predictability, while others have argued that the equity premium isstaved due to
survivorship bias (see for example Brown, Goetzmann and Ross, 1995).

Both the rational andehavioal approaches to finance have made progress in
understanding trsepuzzles(Barberis and Thaler, 2003).

24 Trading Strategies

The next day thgyassed the same place and the one economist said,
“See! | told you there was no $100 there!”

Is it possible tqrofit on psychological biasesr the resultindinancial market anomalies?
While early economic literature suggests that financial marketsffeoce®, more recent
evidence supports the view that markets can not be fully efficient because of the cost of
collecting and analyzing information, the cost of trading, and limits on the capital available
to arbitrageursNowadays both academics and pitaamers share the view that pockets of
inefficiency exist within broad market efficiency.

Singal (2004) providesa comprehensive review of related research and gives
insights on successfalpplication ofprofitabletrading strategied-de states that mosut
not all anomalies are expected to generate tradable profits. Furtheiigemerating
profits is not possible, information about an anomaly will help the practititonieetter
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understand the mispricing and modify her tradbehaviorto avoid beinghurt by the
negativeeffects of the market anomaly.
The next sections will review promising approaches to trading stratagies

financial markets

24.1 Momentum and Contrarian Investing

Simple trading strategies have attracted attention since the earlyfdatgskaexchanges
Probably the most obvious strategies are trading strategies based on the past retusn pattern
of stocks.Many of these are about the cragstional patterns of average returmbey
document that one group of stocks earns higher aveetigms than anothefhese cross
sectional patternsan be exploited bynomentum or contrarian strategies, depending on
return continuation or reversals in the subsequent investment horizon. A momentum
(contrarian) strategy is based on a simple: foigy stocks that performed best (worst) and
sell stocks that performed worst (best) in the recent(Bagnhkels, 200

Every month from January 1963 to December 1989, Jegadeesh and Titman (1993)
group all stocks traded on theaM Y ork Stock Exchangeinto dedles based on their prior
six month return and compute average returns of each decile over the six months after
portfolio formation. They find that the decile of biggest prior winners outperforms the
decile of biggest prior losers by an average opd@et on an annual basis.

On theother handDe Bondt and Thaler (1985) report on leegn reversalsi-or
every three years from 1926 to 1982, they rank all stocks traded on the New York Stock
Exchange by their prior three year cumulative return and formptwtolios: a “winner”
portfolio of the 35 stocks with the best prior record and a “loser” portfolibeB85 worst
performers. Tienthey measure the average return of these two portfolios over the three
years subsequent to their formation. They find thner the whole sample period, the
average annual return of the loser portfolio is higher than the average return of the winner
portfolio by almost 8 percent per year. De Bondt and Thaler (1985) argue that results from
Kahneman's and Tversky's (1974) aslé on judgment under uncertainty, in particular the
representativeness heuris{gee sectior2.2.1.9, could explain overreaction in financial
markets.Thus ontrarian strategiesnay be an appropriate way tox@oit this type of
anomaly (“buy losers, sell winne)jsLo and MacKinlay (1990) provide evidence against



Behavioral Finance and Agent-Based Computational Economics 94

overreaction as thenly source of contrarian profits. Their argument is based on
correlations across stocks and the fact that returns of larges sttt those of small
stocks. They furthearguethat if returns on some stocks systematically lead or lag those of
others, a portfolio strategy that sells winners buagslosers can produce positive expected
returns, even if stock returns are not negdyhautocorrelated as models of overreaction
imply.

Comparing tle results of Jegadeesh and Titman (1993) to De Bondt and Thaler’s
(1985)study of prior winners and losers illustrates the crucialabtbe length of the prior
ranking period. In one cagarior winners continue to win, whil@ theother, they perform
poorly. A challenge to bothbehavioal and rational approaches is to explain wdry
extersion ofthe formation period switches the resit this way.

According to Barberis and Thaler (2008)ere is some evidence that dass
selling creates seasonal variation in the momentum effect. Stocks with poor performance
during the year may later be subject to selling by investors keen to realize losses that can
offset capital gains elsewhere. Thalliig pressure means that prior losers continue to
lose, enhancing the momentum effect. At the turn of the year, the selling pressure eases
off, allowing prior losers to rebound artd weaken the momentum effect. A careful
analysis by Grinblatand Moskowutz (1999) finds that on net, tdgss selling may explain
part of the momentum effect, but by no means all of it. In any case, while selling a stock
for tax purposes is rational, a model of predictable price movements based on such
behavioris not. Roll (983) calls such explanations “stupid” since investors would have to
be stupid not to buy in December if prices were going to increase in January.

Momentum is stronger in small than in large firms (Jegadeesh and Titman, 1993;
Grinblatt and Moskowitz, 1999)n growth than in value firms (Daniel and Titman, 1999),
and in firms with low rather than high analyst followingofig, Lim and Stein2000).

These tendencies are potentially consistent with limits to attemgdacing the extent to
which investorsare able totake advantage of momentum. Also, it suggests that smart
investors maye more deterred by transactioosts than foolish investors. Both industry
and norindustry components of momentum help to predict future returns (Grundy and
Martin, 2001; Maskowitz and Grinblatt, 1999). Moskowitz and Grinblatt find that the
profitability of industry momentum comes mainly from winners, but the profitability of
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individual stockmomentum strategies is stronger for los@salreadymentioned a long
horizonsmomentum reversgsee De Bondt and Thaler, 1985)

In their recent article Cooper et al. (2004) test overreaction theories ofrshort
momentum and lorgun reversal in the cross section of stock returns. According ta them
momentum profits depend on thiate of the market, as predicted. From 1929 to 1995, the
mean monthly momentum profit following positive market returns is pe98ent whereas
the mean profit followingnegative market returns is 0.37 percefthe upmarket
momentum reverses in the lengn. Their results are robust to the conditioning
information in macroeconomic factors. Moreover, they find that macroeconomic factors
are unable to explain momentum profits after simple methodological adjustments to take

account of microstructure concerns

2.4.2 TheDaylight Saving Anomaly and a SAD Stock Market Cycle

There is evidence thanhvironmental factors that influenogodare correlated witlstock
price movemend (see for examplélirshleifer, 2001) For instance, atochastic variable,
cloud cover inNew York can beassociated with low daily).S. stock market returns
(Saunders1993).Hirshleifer and Shumway (2003) provide evidence that sunny weather is
associated withhigher stock returnsTheir paper examines the relationship between
morning sunshia in the city of a country's leading stock exchange and daily market index
returns across 26 countries from 1982 to 1997. Sunshine is strongly significantly correlated
with stock returngthe coefficient of the simple pooled regression equ@l81l, with at-
statisticof -4.49) After controlling for sunshine, rain and snow are unrelated to returns.
Substantial use of weathbased strategiess optimal for a trader with very low
transactions cost8ecause these strategies involve frequent tratiesgans arefairly
eliminated by modest costs

Kamstra, Kramer, and Levi (2000) find that a deterministic variable, changes to and
from daylight savings time, which disrupts sleep, is related to stock rettmmsirical
studies show that weekend effessignficantly negative return from Friday closing to
Monday opening pricgsare also reflected in stock market returns. In addition there is
empirical evidence for an even stronger negative effect on stock market returns on spring

and fall daylightsaving weeknds Kamstra, Kramer, and Levi report that the magnitude of
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the daylightsaving effect is roughly 200 to 500 percent of the regular weekend effect,
which makes it both statistically and economically significant. Furthermore the effect
applies in severahternational financial market# possible strategy could be to go short
or sell on Fridays and buy on Mondays particularat these two special weekenas
spring and fal(seeKamstra Kramer, and Leyi2000and2002).Singal (2004) suggests a
abnorméreturn based on past evidence of the weekend effect of about 0.20 percent per
weekend. He states that it is matsyto capturethe “normal” weekend effeatith current
financial instruments because the trading costs can be large. &tlyairecommend
investors to change their trading patteagsordingly Thus investors should recognize the
weekend effect and avoid buying stocks on Fridays and selling on Mondays.

According to Kamstra, Kramer, and Levi (2003) seasonal variation in the length
of day (daylight exposure) can influence the mood of people (clinically diagnosed as
seasonal affective disorder SAD, meaninga form of a&pression) and therefore afféle
risk taking behavior of market participants (increased risk aversion with decreased
daylight). This translates into the empirical supported evidence of seasonal variation of
equity returns. A trading strategy could be to buy in months with relatively low returns
(people are risk averse) and sell in months with higher returns (peopledtavered).
Instead one could alternately invest in stock markets located in different hemispheres (long
during northern fall and winter then transfer the money to a southern market during
southern fall and winter). The strategy should also consider ebfgssymmetric effect
between fall and winter which results in lower returns indatil higher returns in winter
months.Kamstra, Kramer, and Levi provide an example of a trading strategy. They select
the countries Sweden and Austrabi@causesach is oa of the most extremely located in
its hemisphere. As a benchmark they use a “neutral” portfolio allocation strategy in which
investors place 50 percent tifar portfolio in the Swedish index and 50 percent in the
Australian index. From the early 1980'¢ @io 2003, the average annual return to this
neutral strategy equals 18.percent. On the contrarg SAD portfolio allocation strategy,
in which the investor reallocates 100 percent of her portfolio twice a year at fall and spring
equinox,placing her maey in the Swedish market during the Northern Hemisphere’s fall
and winter, then moving it into the Australian market for the Southern Hemisphere’s fall

and winter, would lead to an amazing average annual return of 21.10 percent.
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24.3 Can Ignorance Beat the Stock Market?

Borges, Goldi®in, Ortmann, andsigerenzer (1999)se the ecognition heuristic (see
section2.2.1.7 as a device for selecting stock portfolios in a bullish market environment.
Furthermorethis repesentsan example for amtegrated markets based trading strateg
l.e. a stratey that involves both theconsumer and the financial mark&he empirical
study, as described by Borges et, ahtroduces the notionf a buy and hold portfolio
strategytha relies onthe ignorancebased cognitive decisiomaking mechanism, called
the recognition heuristic§.hey use corporate name recognition for selecting a subset of
stocks from Standard and Poor’s S5@@ex in a bullish market environmeBorges et al.
compared the performance of a portfolio constructed only of stocksdoompanies with a
high level of hame recognition by either laypeople (pedestrians) or expertsevihal
benchmarks (mutual funds, market indices, “dartboard” portfolios and unreedgniz
stocks). The portfoliq consisting solely of stocks from companiesrecognized by
laypeople,unexpectedly outperformed its touchstones and generated striking rghans
ten German stocks most recognized by American laypeople outperformed the ma%et by
percent)

Boyd (2001) presentssudythatreplicates recent tests of the recognition heuristic
as a device for selecting stock portfolios. The heuristic represents a lower limit to the
search for information, since simple name recognition is the teastcan know about
anything. Gigerenzer and others conducted original experiments in this field Maxhe
Planck Institute for Human DevelopmanCenter for AdaptivéBehaviorand Cognition
(the "ABC Research Group"). The ABC Group's tests support thefufe heuristic in a
bull market environmenBoyd’s study, conducted in a down market, reaches a different
conclusion: Not only can a high degree of company name recognition lead to disappointing
investment results in a bear market, it can also beehégtpure ignorance. Virtually the
only finding of the ABC Group's study that Boydnmatch is that Americans are not very
good at picking American stocks to outperform the market.
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2.4.4 Discussion

Ritter (2003 concludes that iis very difficult to find traling strategies that reliably make
money.But this does notmply that finaacial markets are informationglefficient since
low-frequencymisvaluations may be large, without presenting any opportunity to make
money. Furthermorethe forcesof arbitrage, wich work well for highfrequency events,
maywork very poorly for lowfrequencyevents.

Discovered market anomalies must be viewed with caution and scepticism, as
spurious mispricings can surface for a variety of reasons, such as errors in defining normal
return, data mining, survivorship bias, small sample bias, selection bias, nonsynchronous
trading, and misestimation of risk. Although anomalies should disappear in a close to
efficient market, they may persist because they are not well understood,garisti@o
costly, the profit potential is insufficient, trading restrictions exist, laglthvioal biases
exist (see also chapt@rl on limits to arbitrage). Documented and valid anomalies may
still be unprofitdle because the evidence is based on averages and may therefore include a
large fraction of losers. Furthermorihe conditions responsible for the anomaly may
change, and trading by informed investors may cause the anomaly to disappear (Singal,
2004).

Newertheless Singal (2004) provides profitable trading strategies. He statés
generating profits is not possible, information about an anomaly will help the practitioner
to better understand the mispricing and modify her tradéigviorto avoid beinghurt by

the negative effects of the market anomaly.
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3 Agent-Based Computational Economics

Agentbased computational economics is the study computationally simulated
economies modeled as evolving systems of autonomous interacting agents. The systems
are composed of selfontained actors, who interact according to a fixed set of rules.
Starting from initial conditions, specified by tmeodeler the computational economy
evolves over time as its constituent agents repeatedly interact with each otheasrand le
from these interactions. Agehtised computational economics is therefore a betjom
approach to the study of economic systems (Tesfatsion, 2003).

Conventional models of financial markets based on assumptions of rational choice
and market efficiencyra extremely elegant in formNeverthelessno singlestandard
model to date has provea becapable of explaining the basic empirical features of real
financial markets, including faailed asset return distributions, high trading volumes,
persistence rad clustering in asset return volatility, and crossrelations between asset
returns, trading volume, and volatilitfpue to these well known difficulties, financial
markets have become one of the most active research areaefdbased computational
economicnodeles. Agentbased computation&ihancial market models have been able to
provide possible explanations for a variety of observed regularities in financialsdata
for example Lux, 1998; Farmer and Lo, 1999; Lux and Marchesi, 2000; Homatsy, 2
Several of the earlieshigentbasedfinancial market studies are surveyed in detail in
LeBaron(2000) including the highly influential Santa Fe artificial stock market study by
Arthur et al. (1997), wlo develogd a dynamic theory of asset pricing skd on
hetengeneous stock market tradespdaing their price expectations individually and
inductively by means of classifier systems (Tesfatsion, 2003).

Agentbased systems address phenomena that are generated through individual
interactions, rather timaaggregat®&ehavior(Tesfatsion 2002) One branch oagentbased
computational economicss concerned with using simulated economic systems as
laboratories in which economic theory can be tested. These economic laboratories occupy
a niche between analgtitheoretical models and empirical research. Artificial economic
systems are typically more complex than allowed by analytic theory, but simpler than real

systems. They therefore provide the opportunity to test theories in a more realistic setting
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than cleedform analytic models, while retaining the ability to examine and understand
the resultanbehavior

Another branch oagentbased computational economicguses on understanding
the emergence of globbkhavios based on local interactions. While gibbehavios can
be observed in empirical data, it is difficult to conclusively show the reafgnsuch
behavios occur. If the sambehavios are shown to exist in a simpler simulated system,
then at a minimum it can be said that the actors includdeeisimulation are sufficient to
induce the observdaehavior

These two branches afjentbased computational economare not exclusive. The
generation of known glob&lehavios is an important way of validating a simulation study.

A simulation that camot replicate known globdlehavios in the domain of interest aaot

be trusted in studying newehavios. Similarly, replication of known globdlehavios

gives themodeler some confidence that the dynamics inherent in the simulation are
reasonable. Ofaurse, one must still be cautious in the subsequent exploration of new
phenomena.

A central feature of agefiiased economic simulations is the ability to include a
mixture of agent types. Globdlehavios caused by interaction between heterogenous
agents e beyond the scope of many analytic models, and constitute a major area of
interest foragentbased computational economicdels. Anothesignificant feature of
agentbased models is the ability to explicitly model “boundeditonal” agentgSimon
1982). These are agents with explicit limitations on their memory, knowledge or
computational abilities. Finally, agebased models can simulate letegm effects such as
learning and adaptation which are difficult to include in analytic models.

It is impotant toemphasizeéhat agenbased technologies are well suited for testing
behavioal theories. They can answer two key questions that should be asked of any
behavioal structure. First, how well doehavioal biases hold up under aggregation, and
second,which types of biases will survive in a-egolutionary struggle against others.
Therefore, the connections between adgmsed approaches ahehavioal approaches

will probably become more intertwined as both fields progress (LeBaron, 2004).
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4 Social Consumer Agentsin an Integrated Markets M odel

Neoclassical economic theory is based on the assumption of rationally acting individuals,
who are able to consider all available information in the decisiaking process. As an
early critic of economic agentgith unlimited information processing capabilitiéserbert
Simon (1955, 1982) suggested the term “bounded rationality” to describe a more realistic
approach to cover human problem solving. Indeed, the complexity of hbeteavior
suggests that a choice de should explicitly capture uncertainty. Real economic agents
are restricted at least in their cognitive (knowledge) and computational abilities
(Mullainathan and Thaler, 2000).

Enriched by a social network perspective, which states thatbwabatios are also
closely embedded in networks of interpersonal relations, an additional focus lies in the
relationships among interacting units. According to Wassermann and Faust (1994) a social
network is a set of people or groups of people (“actors” or agerits)cestain pattern of

interactions (“ties”) between them. Central concepts are:

» actors and their actions are viewed as interdependent
* relationships among actors are channels for transfer of resources
» the network structure provides constraints and oppaigsrfor individual action

» lasting patterns of relations are conceptualized as structure.

Recent work on social networks hfmeused on distinctive features of network structure
(Newman et al., 2002). One of these is the “small world” effect first desthip Milgram

(1967). His experiment involved letters that were passed between pairs of apparently
distant people. Milgram found that the typical chain from acquaintance to acquaintance
only has a length of about six persons (popularly known as “Six Degfegeparation”).

Since then dozens of academic studies have revealed that many networks have related
“small-world” properties (see for example Watts and Strogatz, 1998). Usually the topology
of a (social) network is assumed to be either completely negulaompletely random.
However, many biological, technological and social networks lie between these two

extremes. These systems are highly clustered, like a regular lattice, but have small path
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lengths, like random graphsnd are named “smaMlorld” networks. From a social
systems perspective this means that it only takes a small number-cbwedicted people
to make a world small (Collins and Chow, 1998).

In this chapteran agentbasedcomputational economic model, which incorporates
boundedly rationa agents embedded in a social network structigeintroduced
Computational economic models bridge the gap between theoretical and empirical
economis. They can represent a testlvellich enable®neto investigate the predictions
of a theory under condiths which are too complex to be addressed analytically. Hence
computational models can be used to gain insights into complex systems and furthermore
suggest new hypotheses to be tested in empirical studies (for a review cbagght
computational eonomcs see Tesfatsion, 2002).

A considerably extended versiof the integrated markets modéhtroduced by
Sallans et al. (2002, 20Q3% presentedlhe model spans two markets: a consumer market
and a financial equities market. The consumer market cons$ipteduction firms offering
a good for sale, and customer agents who can purchase the good. The financial equities
market consists of stock traders who can buy and sell shares in the productioitiems.
new model focuses on a more ilike model of cosumer agents. The new agents are
embedded in a social structure based on “smatld” principles and incorporate an
enhanced cognitive decision structure related to the consumat approach presented by
Janssen and Jager (2000). Since in real life peoplemtibehave in a systematic manner
(see for example Gintis, 2000) a rational agent approach can not accobehémoal
dynamics such as habits, imitation and social comparison. To explore howetizshoal
dynamics affect the evolution of an economsigstem, it is practical to apply a more
sophisticated approach in the integrated modeling context. The main contribution of this
approach is that it increases the psychological richness and possibilities of validation of the
simulatedbehavioal dynamicssince it introduces®ehavioal rules based on a conceptual
metamodel ofbehavior This will take account of certain typeshafhaviorlike imitation,
social comparison and market dynamics like lotkloyalty and bandwagon or snob
effects.

To evaluate th fruitfulness of the new approaiths useful tocompae the model’s
output (macro level, for example a firm agent’s market share) to known “stylized facts” in

consumer and financial markets. Stylized facts are robust empirical phenomena, which
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charactaze market dynamicffor examplemarket anomaliesdnd have been observed in

real markets. For the validation thfeintegrated markets model a well knoamd accepted
stylized fact found in consumer markets, the Bass cigsumplementedThe Bass curves
described by the Bass diffusion model and was introduced by Frank M. Bass (1969) in his
now classic paper.

The Bass Model summarizes in a simple mathematical form the key finding from
over 4,000 diffusion studies: most people wait until they have veigtepeers having
favorable experiences witlhhnew technology or service before they adopte original
Bass model makes adoption a function of innovation and imitation effémtsexample
most peoplere influenced byvord of mouthor advertising The efects of interpersonal
communication in particular are thought to be a key factor for the speed and shape of the
diffusion of an innovation (Rogers, 1983; Mahajan et al., 1990). Another explanation
might be the bandwagon effeot herding behavior(section2.3.4 since conspicuous
consumption gives rise to a conformistic behavior (Leibenstein, 1950).

While suchtheoriesare not easyo implementin a neoclassical rationaconomic
framework, the integrated markets model represém ideakenvironmentto analyze the
Bass model and iteomplex underlying mechanisms which are basedawnagent’s
bounded rational and social behavior.

4.1 Thelntegrated Markets Model

The model consists of two interacting markets, a consumer and aidinemgities market.

The consumer market simulates the manufacture of a prodpecbtyction firms and the
purchase of the product lmpnsumersThe financial market simulates trading of shares.
The shares are bought and soldfioyncial traders The two markets are coupled: The
financial traders buy and sell shares in the production firms, and the managers of firms are
concerned with their share price. The traders can use the performance of a firm in the
consumer market in order to make trading decsi@milarly, the production firms can
potentially use positioning in product space and pricing to influence the decisions of

financial traders (see figurg.5
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The simulator runs in discrete time steps. Simulation steps consist of the following
operations:

» Consumers make purchase decisions
* Firms receive an income based on their sales and their position in product space
» Financial traders make buy/hold/sell decisions. Share prices are set and the market

is cleared

» EveryN, steps, production firms update thpnoducts or pricing policies based on
performance in previous iterations

The integrated markets model is intended to be a generic model of the interaction between
financial and consumer markets. It has been shown to reproduce a large range of empirical
“stylized facts” including learniny doing in the consumer market; low predictability,

high kurtosis and volatility clustering; and correlations between volatility and trading
volume in the financial market.

Profits (fundamental price)

Product position Production

Price Firm

Consumer

Financial
Market

Market Buying Stock price
patterns  (stock options)

consumers stock traders

Figure5: The Intgrated Markets Model. Consumers purchase products, and financial traders buy
and sell shares. Production firms link the consumer and financial markets, by selling products to

consumers and offering their shares in the financial equities market (fromsSzlkn 2003).
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411 TheConsumer Market

The consumer market consists of firms which manufacture products, and consumers who
purchase them. The consumers wilptgchase at regular intervals. The product space is
represented as a twibmensional simplex, wlit product features represented as real
numbers in the range [@). Each firm manufactures a single product, represented by a
point in this twedimensional space. Consumers have fixed preferences about what kind of
product they would like to purchase. Conmeer preferences (individual needs) are also
represented in the twdimensional product feature space. There is no distinction between
product features and consumer perceptions of those features. Each consumer agent is
embedded in a social structure whistfluences its social needs and incorporates a
cognitive decision structure which accounts for its commitbethavior (repetition,
imitation, social comparison, deliberation). Consumer agents react to their individual
needs, social needs and the pricehefproduced productBetails of the consumer agents

are described sectiord.2

4.1.2 Production Firms

The production firms are adaptive learning agents. They adapt to consumer preferences
and changing market conditions via a feinement learning algorithm (Sutton and Barto,
1998). In each iteration of the simulation the firms must examine market conditions and
their own performance in the previous iteration, and then modify their product or pricing.
A boundedly rational agent mabe subject to several kinds of limitations. These limits
manifest themselves in the firm's representation of its environment and its knowledge of its
competitors. The firms do not have complete information about the environment in which
they operate. Iparticular, they do not have direct access to consumer preferences. They
must infer what the consumers want by observing what they purchase. Purchase
information is summarized by performing-fkeans” clustering on consumer purchases.
K-means is a commonudtering technique used in consumer market research. The number
of cluster centergN) is fixed at the start of the simulation. The current state information
consists of the positions of the cluster centers in feature space, along with additional state

information such as whether or not the previous action was profitable or boosted stock
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price, and where the competitors products are located. This information gives a summary
of the environment at the current time step.

Firms make decisions based on a firfiistory of states of some length. This
limited history window represents an additional explicit limit on the firm's knowledge. In
each iteration the firms can take one of several actions. The actions include taking a
random action, doing nothing, raisinglowering product price, or moving the product in
feature space. The random action was included to allow the firm to explicitly choose to
take a “risky” exploratory action. A firm's manager seeks to modifpetsaviorso as to
maximize an external rewagslgnal. This reward signal can be viewed as the managers
compensation for its actionshe reward signal takes the form diixed rewarda variable
amount based on the firmprofitability, and a variable amount due tcaclge in the value
of the firms dock. The constanpart of thereward signal can be interpreted a$»aed
sakry paid to the manager of the firm. The prbfasedreward can be interpreted as a
performancebased bouas given to the manager of thenfi and the stockased reward as
a stock grant or stock optionThe model parameters,, and a, trade off the relative
importance of profs and stock pricen the reward signal. They sum to unity and axedi
at the beginning of the simulation aheld constant throughout.

Given the reward gnal, the firm learns to make decisions using a reinforcement
learning algorithm (Bertsekas and Tsitsiklis, 1996; Sutton and Barto, F&8forcement
learning provides a way to estimate the actiatue function from experienc8ased on
observations o$tates, actions and rewards, the learner can build up an estirttaédafg
term consequences of its actiohguitively the usedearning rule minimizes the squared
error between the actieralue functionand a bootstrap estimate based on the current
reward and the future discounted returngssmated by the actievalue function.Given
the reward signal at each time step, the learning agent attempts to act so as to maximize the
total (discounted) reward received over the course of the task. Thomlisg indicates
how “impatient” the manager is to receive its reward. It can also be related to the interest
rate for a lowrisk investment or the rate of inflatioihe firms’ learning is triggered by
themodel parameteriirm learning rate\{) and reifiorcement learning discount factoy).(

In order to get good learning, the firm learning rafeshould be rather low. If the discount
factor ) is low, the firm focuses otine nearterm, if it is high, it will focus on a lonterm

time horizon.
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Theimplemeneéd algorithmis designedo iteratively improve thdéirms’ strategies,

given the constraints on their knowledge anthputational power.

41.3 TheFinancial Market

Our financial market represents a standard capital market model (see for example Arthur et
al., 1997; Brock and Hommes, 1998; Dangl et al., 2001). Myopic investors maximize their
next period's utility shject to a budget restrictiodt each time step agents invest their
wealth in a risky asset (a stock or index of stocks) and in bonds, whiessaanmed to be
risk free. The risk free asset is perfectly elastically supplied and earns a risk free and
constant interest rate. Investors are allowed to change their portfolio in every time step. As
in many other heterogeneous agent modets existenceof two kinds of investords
assumedfundamentalists and chartists. The two types of investors differ in how they form
expectationgboutfuture pricesAdditionally investors have different time horizons which
are modeled via the time length agents lbakk into the past. Fundamentalists determine
their price expectations according to a model based on fundamental information, which in
the integrated marketaodel are past dividends. They calculate a fair price and expect that
the current price will gradhlly move towards it at some fixed rate. A fundamentalist
assumes that the fair price is a linear function of past dividends. Chartists use the history of
the stock prices in order to form their expectations. They assume that the future price
change per p@d equals the average price change during the previous periods. The market
uses a sealebid auction, where the clearance mechanism chooses the price at which
trading volume is maximized. Note that there may be a range of prices th&d wo
maximize volune. The maximum price in this range selectedIf there are buy orders but
no sellers then the share price is set to the maximum bid. If there are only sell orders then
the price is set to the minimum ask. If there are no orders in a time period, th@icéhe
remains unchanged. Each trader specializes in a single firm, and only buys or sells shares
in this firm. Each trader is initialized with a supply of shares in its firm of interest.

The timing of the events within the financial modain be describeds follows
The first step is the formation of expectations. Based on past prices and dividends an
investor forms its expectation about the distribution of the next period's price and dividend.
The trading agent is then able to determine the demandduanethich is submitted to the
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stock market via limit buy orders and limit sell orders. After the orders of all agents are
submitted the stock market calculates this period's equilibrium price At the end of the

period the current dividend is announced aedomes public information.

4.2 Social Consumer Agents

The integrated markets model, which already incorporates a validated consumer and
financial market, will serve as a testbed floe new consumer markefThe advantage of

this approach is thaine canprofit from an alreadyvalidated and realistimodel while a

partof the modelthe consumer markewill be improved It allowsoneto investigate the
behavior of the new bounded rational and socially connected consumer agents in an
integrated context.

The cosumer market consists of product manufacturing firm agents and regularly re
purchasing consumer agents. During a simulation time step, each consumer must make an
individual product purchase decision based on the following factors:

e its preference in produspace (individual needs)

» thebehaviorof its social network and

» the current price of the offered products.

Furthermore the agents are able to commit to repetition, imitation, social comparison and

deliberationbehaviordependent on their cognitive stésatisfaction and uncertainty).

421 Consumer Preferences

The product features are represented in two dimensions as pairs of real numbers in the
range [0,1]. Each firm manufactures a single product with certain properties, which define

the product’s positioin feature space and are adaptable to the consumer’s demands. Each
consumer agent is initialized with a random product preference in product feature space.
There is no distinction between product features and consumer perceptions of those

features
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The prauct preferencéN represents the individii needs of an agent (equation 7
It is calculatedat each simulation time step and is a function of the distance between the
firms’ manufactured products and the consumer agent’'s own preferences. The measure is
computed as one minus the Euclidian distance between the position of the ideal preferred
product of customec (IP;) and the position of the produced produ¢PP,) in the two

dimersional feature space (equation 7

N =1- /@ -

422 Social Networks

Every consumer agent is embedded in a social network structure which is randomly
initialized regarding the number néighbos and the topology of the network.

For a social network structure to have “snvadlirld” topology it must exhibit
certain proprties. This can easilge describedin a graphical example. Figure shows
three examples of networks with fifteen consumers, each with an average of four
neighbos. Every vertex represents one consumer agent and an edge represents a bi
directional conne@n between two consumer agents. The left picture shows a completely
regular graph (random connection probability per consuvherh is henceforth denoted as
proportion of clusterind®CLUSIs zerQ. The right graph represents a completely random
connectedopology (random connection raitePCLUSIs one). Although regular networks
and random graphs are useful idealizations, many real networks lie between the extremes
of order and randomness. For intermediate values of randomness (the middle picture
consiss of fifteen percent random connectioois a PCLUS of 0.15 the graph can be
interpreted as a smakllorld network. To construct smalorld network topologiest is
useful tostart out with a completely regular graph. Then with a certain probaiiléyca
reconnect each edge to a randomly chosen vertex over the entire ring, with duplicate edges
forbidden. The smallvorld networks are much more clustered than a random graph. Hence
if consumer A is linked to B and B is linked to C, there is a greatly iseceprobability

that A will also be linked to C, a property that is called transitivity (Wassermann and Faust,
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1994). Despite the high clustering smatbrld networks have characteristic small path
lengths, like random graphs (Watts and Strogatz, 1998g&ir, 2001).

Figure 6: Example of a regular graph (lePCLUS equals0), smaliworld network (middle
PCLUSIs 0.15 and a complety random grapi{PCLUS s equal tol). Each grapltconsists of
fifteen consumers, all connectedtlwon average founeighbos (adapted from Watts and Strogatz,
1998).

The “social” market shar8M (equation) is definedto transform the social network into a
relevant decision structure for an individual consumer ageittis represented by the
guantity of the last purchases of produadah the consumer agents socialneighbohood
(LPP.;) divided by the number of all purchases occurred iméighbohood (products

range froml ton).

Y LPR,
C,i = ZZ LPF%n

SM (8)

Intuitively, the social markethare represents a measure of a product’'s popularity amongst

a “clique” of socially connected people.
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4.2.3 Cognitive States

According to the consumat approach (Janssen and Jager, 2000) two intrinsic cognitive
states can account for different typesehaviorand decision making. Dependent on their
experienced level of satisfactio®)(and uncertaintyl) consumer agents are able to
commit to repetition, imitation, social comparison and deliberdderavior

It is defined thatthe consumerc experiences the flowing satisfaction levelS)

regarding the purchase of produ¢equation 9.

P
S., =SM,; * SNW+IN_, *(1- SNW) + (1- ——)* PSAT 9
’ ‘ ‘ max(P)

Thus consumer agents can react to their individual nésjissocial needs§M) and the
prices of the produced product®)(with modification of their cognitive parameter
satisfaction §). Furthermore satisfaction weighs the social market share (W&
against individual needs (weightSNW)and the price of the offered product (weight
PSAT).

A consumer agent’s experienced uncertaibtyi¢ defined as the squared deviation
of the actual level of satisfactio&) from its expected level of satisfaction which equals
the agent’s last obtained satisfaction le|,(see equation 10

U, = (S( _St—l)z (10)
To differentiate between pabke actions threshold parameters for minimum satisfaction

(Snin) and maximum uncertaintWgay) are introduced. They also represent an agent’s bias
to commit to a certain category of action with a certain probability (table 1).
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Tablel: Actions resulting from cognitive state variables of consumer agents (according to Janssen
and Jager, 2000).

Cognitive state Satisfied Not Satisfied
Certain Repetition Deliberation
Uncertain Imitation Social Comparison

The agent’s performebehavor and purchase decision is a result of its experienced levels

of satisfaction and uncertainty:

* Repetition: if the agent experiences satisfacti®n,i,) and is also certain about its
choice (that means that its last choices nearly met its expectdiemnteU<U,,5,) then
it has no reason to change last decision. Therefore the customer agent will consume
exactly the same product which it purchased the last time step.

e Imitation: if a customer agent again feels satisfi&bS,,) but it experiences
uncetainty (its last choice deviated much from its expectationslard .y then the
customer will investigate its sociakeighbohood and give the product a ttlyat is
consumed most by its friends. If there is more than one product one will be randomly
selected among the most purchased products.

e Deliberation: if a consumer is not satisfi€sk®y,n) and it is certain (its expectations
were met, thusUsUn,) it will purchase the product with the highest overall
satisfaction value (accordjrto equation P Agan, if there is more than one candidate
product, one will be randomly selected among the most satisfying products.

» Social comparison: if the consumer agent happens to be not sati&figg,)(and
uncertain U>U 5, at the same time step, it will engage arbehaviorcalled social
comparison. This means that the agent will consider the product that is consumed the
most in its sociaheighbohood (analogue evaluation of the social market share) but
one that also exceeds or reaches its expectatmnsatishction (see equation) 9
originating fromits last consumption. If there is more than one candidate product, one

will be randomly selected from the eligible products.

With this cognitive decision structure implemented and the agents’ ability to relate thei
expectations to their social netwdhe simulation resultare validatechgainst a complex

behavioal phenomenoand an empirically stable stylized fact found in consumer markets.
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4.3 Model Validation

Gaining crucial insights into underlying mechanisms e#l markets is a major goal of
agentbased economic modeling. Thus a useful model should be able to reproduce
observable markebehavioror sccalled “stylized facts” capturing the dynamics of the
investigated market. Therefottee model isvalidatel agairst these empirical propertiby

usng a recently introduced algorithm based on Markov chain Monte Carlo (MCMC)
sampling (Sallans et al., 2003).

The MCMC sampling help® focus computational power on parameter space areas
where stylized facts are repro@acvery well. The goal is to understand the impact of
parameters on modékehavior especially in these interesting areas. The stylized facts of
the consumer market whi@re analyzed in this workre the properties of the consumers’
social networks (se@ns4.2.2and4.5) and the Bass diffusion model (sectiagh8.2. In
order to quantify how well the market reproduces a stylized fact, an energy function is
defined. The eergy function represents a measure of the fit ofotltput of the modeio
the stylized fact.An energy function for a stylized fais constructeguch that low energy
corresponds to good reproduction of the fact. For example, an energy functionBasshe
diffusion model would generate low values if a Bass curve fits very well to a firm’s market
share data (sectigh3.3.

The MCMC procedure first randomly changes model parameter values before a
simulation run which generaene sample of model parameters. Then the quality of the
generated parameter sample is evaluated based on a previously defined energy function
which is unique for each stylized fact. The sample is accepted or rejected based on the
energy and the MCMC peedure starts over until an arbitrary number of parameter
samples is drawn (a minimum of one thousand samplehosento get statistically
significant results). The advantage of this method is that computational resources are
distributed on what are prably the most interesting parameter combinations. The whole

validation procedure works as follows:

» Selection of an empiriciyl stable stylized fact
» Design of an adequate energy function for that fact
*  MCMC simulation runs

* Analysis and perhaps repetitiongfulation runs
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The MCMC samplewhich isusal was recently introduced by Sallans et al. (2003) and is
based on principles of the Metropolis algorithm (Metropolis et al., 1953). It has the
property that samples are more likely to be drawn fromdaergyareas. The sampler acts

as a “directed” random walk through model parameter space, avoidingregly areas.

In the limit, parameter samples are drawn according to the normalized probability
distribution defined by the energy function. But even withbabtetical guarantees on the
distribution of sampled parameters, the sampler can find good model parameter settings,
and reveal interesting correlations between model parameters. In pracgds, not able

to generate Markov chairthat are sufficientlylong to reach the equilibrium distribution.
Insteadone can becontent with one thousand samples drawn for each model run. While
this is too short to allow for convergenoge can still examine the sample set to identify
regions where stylized facts areslvreproduced, and look for statistically significant
correlations between parameters. Validation results for the Badsl mms are shown in

section4.4 and for the social networks in sectidb®.

4.3.1 Mode Parameters

The focus of state of the art modeling techniques ismobver every market phenomenon
observed. Rather it lies on “noncritical” abstraction and careful parameter selection by
gradually adding complexity once the previous model has l@ey understood. This
prevents the modeler from introducing ad hoc parameters to capture important causal
relationshipawvhich might capture nmarketphenomean at all

The presented model is budnh the foundation o# validated integrated markets
model including consumer, firm and stock trading agents. Tones startsout with the
originally given parameter valu¢Sallans et a].2003) which guarantee a well functioning
integrated financial and consumer market. Degpigoal to keep the model agnple as
possible, additional parameters were necessarily introduced to account for the social
network functionality and the improved agents’ cognitive decision structure (table 2). All
parameter values must be initialized before a model simulation i3 nencolumn “value”
of table 2 shows the start values used for the validation runs with the MCMC sampler.

These values were found to be plausible based on evaluations of initial trial simulation runs
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(values in italics are given by the original model arerevheld fixed for all simulation

runs).

Table2: Model parameters for the integrated markets simulation.

Parameter Description Range Value Reference

NCons Number of simulated consumer agents N 100 Sectiord.2.2

NNbs Number of averageeighbos per consumer N 4 Sectiord.2.2
agent

PClus Percentage of randomness of srwadrld [0, 1] 0.1 Sectiord.2.2
network

SNW Weight of social network for satesttion [0, 1] 0.5 Equation (9

PSat Weight of price for satisfaction [0, 1] 0.5 Equation (9

SAT min Threshold for minimum satisfaction of consumej0, 1] 0.5 Sectior4.2.3
agent

UNChax Threshold for maximum uncertainty of gamer [0, 1] 0.5 Sectiord.2.3
agent

Vv Firm learning rate R>0 0.001 Sectiord.1.2

y Reinforcement learning discount factor for firm [0, 1] 0.83  Sectio4.1.2

Uy Strengh of profitability reinforcement to firm [0, 1] 0.47  Sectio4.1.2

(o} Strength of stock price reinforcement to firm [0, 1] 0.53  Sectio4.1.2

N Number of consumer cluster centers N 3 Sectiord.1.2

N¢ Proportion of fundamentalist traders [0, 1] 0.57  Sectio4.1.3

N, Proportion of chartist traders [0, 1] 0.43  Section4.1.3

The quality of reproduction of the styl@efacts should simply depend on the

characteristics of the modellsehavior The parameters, which account for different

features otheintegrated markets simulation, can be grouped as follows:

Social network properties: These are described by the nushibensumersNCONS,

the average number okighbos (NNBS, and the proportion of clusterin@ CLUS.
NCONSandNNBSaccount for the dimension of the artificial consumer market. The
proportion of clusteringRCLUS accounts for the complexity of the salchetwork
structure. While a value of zero represents a completely regular graph with low
complexity, a value of one indicates a completely random connected topology
consisting of the highest possibleustiural complexity (see figure i section4.2.2.

For values between these extremes, the consumers’ social structure exhibits small
world properties.

Consumers’ cognitivdehavior The consumersbehaviorand decisions are triggered

by the parameter weight for social nee8bMY), individual needsl-SNW and product

price PSAT) These parameters account for the level of satisfaction and uncertainty
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experienced by the consumer. Furthermore thresholds for minimum satisfaction
(SATuin) and maximum uncertaintyJ(NCyuax) will influence the action a consumer
agent commits to (sectigh2.3.

* Firms’ learningbehavior The firms’ learning is triggered by the firm learning ratg (
and the reinforcement learning discount factgr [n order to get good leamg, the
firm learning rate \{) should be rather low. If the discount factgy i6 low, the firm
focuses orthenearterm, if it is high, it will focus on a lorterm time horizon.

* Fixed parameters: The firm agent’'s parametgranda,, which sum to unitytrade off
the relative importance of profits and stock price in a firm agent's decis&imng
process (see sectighl.). N denotes the number of cluster centers as described in
section 4.1.2 As mentioned in section4.1.3 the stock market consists of
fundamentalists and technical traders. The parameters proportion of fundamentalists
(Nf) and proportion of chartistdN{) maintain the heterogeneity of the market traders,

which is necessary to preserve financial market liquidity and trading volume.

4.3.2 TheBassDiffusion Modd

The seminal work of Frank M. Bass (1969) describes a simple mathematical model of
market penetration of a new product or concept as a function ofah{ewnexample word
of mouth) and external influences (for example advertising). The model and its variations
have been successfully applied by marketing scientists in many different areas for over 30
years. Examples include DirecTV (early 1990s), a Matelelevision service which
forecasts new subscription rates, and RCA (mid 1980s), which effectively used an
extension of the Bass model to forecast the sales of CDs as a function of the sales of CD
players. Fields of application are usually the quardiion of tle speed of diffusion of
durableand non durable products and the forecast of future consumer adoptions (see Van
den Bulte, 2002, for a metmalysis of research on different product types over different
regions).

The diffusion of innovations isnfluenced by interpersonal and mass media
communication. The effects of interpersonal communication in particular are thought to be

a key factor for the speed and shape of the diffusion of an innovation (Rogers, 1983;
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Mahajan et al., 1990). The theory métwork externalities provides a related explanation
and quantification of increasing consumer demand aistiaped diffusion of network
goods or service sales over time (Grajek, 2002). Positive network externalities are defined
as utility, which consumerderive from consumption of a good or servidde utility
increases with the number of other consumers. Economic literature usually distinguishes
between direct and indirect network externalities (see for example Katz and Shapiro, 1985;
Economides, 1996)Direct network externalities are related to physical networks (for
example telecommunication technologies). The utilitgtt consumers derive from using
these technologiesindoubtedlydepends on the number of other users. An obvious reason
for a positive dependence is that a larger network allows consumers to satisfy more
communication needs and may decrease the common costs of the service. Another
explanation might be the bandwagon effect since conspicuous consumption gives rise to a
conformisticbehavio (Leibenstein, 1950). A negative dependence between network size
and consumers’ utility might be justified by congestion or by -cmmformism of
consumers (snob effect). Indirect network externalities apply if a good coobisi®
complementary compones) for example hardware and software. The latter exhibits
supplyside economies of scale (see Katz and Shapiro, 1985). Obviously the amount of
users ofa hardware platform determines the size of the market for software and
furthermore enhances the uglgained by use of the hardware.

The original Bass model makes adoption a function of innovation and imitation
effects. The theory details the characteristgmoid pattern observesimpirically which
levels off b a maturity level (see figure.7The sprad of an innovation in a market can be
characterized by the Bass formula adiscrete time model (equation;ldee also Morris
and Pratt, 2003).

X._
Xt = p(M - Xt—1)+qM_tl(M - Xt—l) (11)

X denotes the number of canmers who will adopt at time t al represents thenarket
potential or the maximum number of people who will use the innovation. The parameters
and g provide information about the speed of diffusion. The coefficient of innovation

describes the external influences and the coefficient of imitatidesribes the internal
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influences. A high value fop indicates that the diffusion starts out quickly but also
decreases fast. A high represents a slow diffusion process at first, which accelerates
quickly afterwards (for example takdf is slower for nondurables and products with
competing standards that require heavy investmentghelmodel, the different firms’
market share time seriase validatechgainst a cumulative discrete standard Bass function
which gives the absolute number of adopted comssirat a ertain point in time (equation
12).

Xt (M - X,) (12

Xt = Xt—l + p(M - Xt—1)+q M

The market potential parametbt was set to one, representing the maximum possible
proportion of agents irthe competitive consumer market environment. Examples of
standard bassucves (values fomp=0.03 andg=0.38 describe the basic Bass model)

generated by the integrated markgtaulation are shown in figure 7
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Figure 7: Examples of generated Bass curves in the artificial consumer market. The btadk dot

lines represents the standard Bass curve with the parameter valMed fp=0.03 andj=0.38.
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4.3.3 TheEnergy Function for the Bass M odel

To investigate which parameter settings have influence on the development of Bass curves
in the artificial consumer arket it is necessary to define an adequate energy function for
the adapted Metropolis algorithiihe sampler acts as a “directed” random walk through
model parameter space, avoiding hegtergy areas. In the limit, parameter samples are
drawn according téhe normalized probability distribution defined by the energy function.
Theenergy function i@ measure presenting the optimal fit of a standard Bass curve on the
consumer market share tirgseries. The measure should neither depend on where in the
data he Bass curve is located (translation invariance with respect to time) nor on the
scaling of the curve (scale invariance, ,sé@ example Bishop, 1995). The cross
correlation function (equation L3epresents a good solution to overcome these problems
since the function is not sensitive tesgaling (height) of the data, when comparing two
different time series. To account for thescaling (time) the function is set up to compute
the maximum correlation coefficient ovall time lags (equatio 14). Eachdata point of

the sample (one discrete time step) equals a single simulation step.

T (K) 13

pXY (k) = W
Prax = Max{ Oy (K)} (14

While X denotes the market share time series of a certain firm in the artificial consumer
market,Y representdie time series of a standard Bass curve.

To find the optimal fitting standard Bass curve ¥rone canset up a nonlinear
optimization algorithm based on golden section search and parabolic interpolatjdor(see
example Forsythe et al., 1976; Haganatt 1996). The algorithm 8tstandard Bass curve
time series with different width (ilY) to X and minimizeghe negative crossorrelation
over all lags betweeX andY. Hence he optimization algorithm variestandard bas
curves by scaling until itfidsthe maximum crossorrelation coefficient (the best match).

The energy for the MCMC sampler is then calculated as the reverse of the maximum
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correlation coefficientsince low energy corresponds to good reproduction of the stylized
fact (equation 1p

=_— (19

44 MCMC Validation Results

The market dynamics of the validated moithelt emergedand the set of parameter values
identified for which standard Bass curves could be reproduced very arellpresented in
the following sectionsFirst, the overall consumer market dynamiggl be described
followed by a detailed analysis of the parameters and their relationghopgped by their
functionality. All the simulations were based on five firm agents (held fixed over all runs)

actingin consumer markets initialized with one hundred consumer agents.

4.4.1 Overall Market Dynamics

Interestingly, the emerging markieéhaviorof the simulation models is not restricted to
the one investigated stylized fact (Bass curve) of a single firm. It isduahell in a realistic
market scenario with oligopolic propertidgsmpirical investigations have shown that in
reaklife markets it isvery frequent to find oligopolicahdustries that are characterized by
a large range of different market shares, withwo firms having the same market share.
Traditional economic natels of quantitativecompetition oligopoly are not successful in
explaining this stylized fact (Watt, 2002). The Cournot model predicts equal market shares
for all competitors, while a generadid Stackelberg leadéollower oligopoly model with
one leaer predicts a larger market share for the leader and equal market shares for all
followers (see Stackelberg, 1934; Sherali, 1984; Daughety, 1988).

The aggregate market dynamicstbé simulated casumer market is represented
by the market share of each firm and reflects the empirically found oligopoly market

related stylized facts. For example, one or more firms attracted certain consumers by
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successful introduction and development of their preajwehile the others lost in market
share or engaged in price wars. Bass curves solely emerged in low energy areas of the
defined Bass model erggr function (figure 8 while they did nbemerg in high energy

areas (figure @ The squared correlation coeféntp? (equation 1}gives the proportion

of variance explained by the fitted Bass curves with respect to the market share data. It is
useful to compare the Bass curve reproduction quality of the different models.

Figure 8presents samples where Bassvearwere well reproduced. Run 1 (left
column) shows the market share of two competing firms. The market leader (firm 5)
increasingly looses market share to the market entrant (firm 1) which introduced its
innovation at the beginning of the time period. Rushows a similar dynamic with four
competing firms. Here firm 5 introduces its innovation and competes against firms 2, 3 and
4. The competition ends with two market leade&rkich basically dividethe market. One
is the former market leadethe other winer is the innovative newcomer. Run 3 also
presents one firm with an emerged Bass curve in its market share (firm 2). It competes
against firm 1, the former market leader, and firm 5. The scenario also ends in a rather
stable oligopoly.

The runs in figue 9 present samples from a high energy area of the Bass energy
function which did not generate any Bass curves. Run 1 shows initially four competing
firms (firm 1 to 4). As the theory of Stackelberg (1934) suggests the competition ends in a
stable oligopol with one leader (firm 3) with higher market share and two followers with
a nearly equal market share (firm 1 and 2). Run 2 shows four competing firms with a rather
oscillating market share. First firm 4 seems to be the market leader soon beaten by the
newvcomer (firm 2). Then firm 1 fights against 2 until firm 3 gathers the whole market
share. Afterwards firm 1, 3 and 4 compete until firm 3 wins again. Simulation run 3 shows
a rather soft competition where firm 2 and 5 increasingly gain in market shdectii

firms 1 and 4 seem to have a decreasing trend in market share.
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Figure 8: Three typical examples of simulation runs in low energy areas of the Bass energy
function (section4.3.3. Each column ghws the emergingconsumer market dynamics of an
independent simulation run involving five firm agents and 69 (run 1), 57 (run 2), and 89 (run 3)
consumer agents. Theayxis denotes the proportion of market share an individual firm agent could
obtain at a gecific point in time. The dotted line indicates the best fit of a standard Bass curve to
the market share time series with a resulting correlation coefficignildfe proportion of variance
explained by the fitted Bass curves with respect to the msinke¢ data is given bypd of 0.9147

(run 1), 0.9138 (run 2), and 0.91 (run 3).



Behavioral Finance and Agent-Based Computational Economics

Run 1 (p=0.3961)

Run 2 (p=0.5111)

Run 3 (p=0.5121)

1 1 1
—
£ 05 0.5 0.5
[ L
0 ‘ ‘ 0 ‘ ‘ 0 ‘ S
0 2000 4000 0 2000 4000 0 2000 4000
1 1 1
N
£ 05 0.5 0.5
T
0 ‘ ‘ 0 ‘ [l 0 ‘ ‘
0 2000 4000 0 2000 4000 0 2000 4000
1 1 - — 1
" o / |
£ 05 | [ .05 0.5
fra ’ !
Vs 7 A
0 : : 0” : : 0 :
0 2000 4000 0 2000 4000 0 2000 4000
1 1 1
<
£ 05 0.5 0.5
| Ty
oLl ‘ ‘ 0 ‘ ‘ 0 ‘
0 2000 4000 0 2000 4000 0 2000 4000
1 1 1
[Te) s T
£ 05 05 o5, | ¢
s //
0 ‘ ‘ 0 ‘ ‘ 0 ‘ ‘
0 2000 4000 0 2000 4000 0 2000 4000

Time after Introduction

Figure 9: Three typical examples of simulation runs in high energy areas of the Bass energy
function (section4.3.3. Each column shows the emergimgpnsumer market dynamics of an
independent simulation run involving five firm agents and 74 (run 1), 75 (run 2), and 57 (run 3)
consumer agents. Theaxis denotes the proportion of market share an individual firm agent could
obtain at a specific point in time. The dotted line indicates the best fit of a standard Bass curve to

the market share time series with a resulting correlation coefficignildfe proportion of variance
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explained by the fitted Bass curves with respe¢he market share data is given by’ @f 0.1569
(run 1), 0.2612 (run 2), and 0.2622 (run 3).
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4.4.2 |deal Model Parameters

The parameter values where standard Bass curves could be reproduced very well is
presented in # form of histograms in figure 10he ‘ideal” parameters daat take on
extreme values, which is an indicator for the plausibility of the model. Furthertable 3
provides information about relationships between parameters. In the following séotions
model parametensill bedescribé andinterpreed.

v PClus

250 250 250
200 200 200
150 150 150
100 100 100
50 50 50
0 0 0

0 0.05 0.1 0 0.5 1 0 0.5 1
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Figure 10: Histograms of parameter values from MCMC sampling for the Bass curve energy
function. The histograms include the 90 % of sampléls thie lowest energy (equation)1®hex-

axis denotes the parameter \ahand the/-axis denotes the number of samples.
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Table 3: Correlation coefficients of the Bass validated integrated markets rbadetl on 416
sampls!® The measures social clustering coeffici®€() and social clustering letty (SCL) are
described in sectiof.5.

v NCons y NNbs PClus SNW PSat SAT.,, UNC,.»x SCC SCL
v 1.00
Ncons **-0.74 1.00
y 0.11 -0.06 1.00

NNbs -0.09 0.03 -0.37 1.00
Pclus 043  *-056 -028 040 1.00

SNW  -0.37 *052 -0.11 -0.39 -028 1.00

PSat  **-0.76 049 0.01 021 -0.35 0.19 1.00

SAT., **-075 0.49 -0.38 -021 -029 *052 *0.57 1.00

UNCpax 0.33 018 0.11 -0.37 -0.03 044 -044 019 1.00

SCC 029 014 014 036 *051 -0.33 031 -0.15 -046 1.00

SCL 022 037 031 **083 **-065 046 -0.14 027 037 -0.06 1.00

regression coefficien@@resignificant at the *5 % levalr at ther*1 % level.

4.4.2.1 Firm Learning

The firms learningbehavioris dependent on the firm Ieang rate ¥) and the discount
factor {). In order to get good learning,should be rather low. If the discount factos

low the firm focuses on ne&erm, if it is high it will focus on a longerm time horizon.

For the Bass model an intermediatéueaof 0.04 forv seems to be most appropriate (the
initial valuewas set to 0.001, see figure)1Pis initialized with a value of 0.83 and has it's
peak around the rather low value of 0.06. Relationships between the firm learning and

other parameters @interpreted as follows:

* Market complexity: The firm learning rate is negatively correlated with the number of
consumersNCONS with a significant correlation coefficient ed.74 (p=0.0015, see
table 3), which indicates the necessity of better learnmirzgbigger and therefore more

complex market environment (seeutg 11, left picture).

19 Significance was masured in the following wayirst, the sequence of parameter values was subsampled
such that autocorrelations were insignificant at the one percent confidence interval. Given this independent

sample, the correlations between parameters could be meastiredfective significance levels.
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Product price: A significant negative correlation-0f76 (p=0.001) exists between

and the price weightPSAT).Since the firms can change their product’s pricetsor
features this means that the importance of the product price for consumers increases if
firms are able to engage in more intelligent actions, for example by makingamgces
price adaptations (figurkl, right picture).

Consumer satisfaction and addja: Another finding is that the overall consumer
satisfaction and uncertainty seems to decrease with the learning Téiis is reflected

by a negative correlation coefficient €f.75 (p=0.0013) between and the threshold

for minimum consumer satisfion (SATun) and the positive trend (cc=0,38ut not
significant with p=0.23) betweew and the threshold for maximum consumer
uncertainty UNCyax). Hence if the firms exhibit better learning gets smaller) the
consumers tend to be rather unsatisBatte the threshold for minimum satisfaction
increased. They also get rather certain since the threshold value for uncertainty
(UNGCyax) increases. As an implication the consumer agents have a high probability to
exhibit deliberativebehavior where they snply choose the maximum satisfying
product (sectiod.2.3. Thus they can react more sensitively to the firms’ product price
adaptations, a stylized fadhat is strongly supported by the notion of network
externalities (see skon 4.3.2. Hence intelligent firm agents seem to lead to better

adapted consumer agents in a Bass curve reproducing market scenario.

So far a good model for Bass curves seems to involve firms which are rather good learners,

operating in a market environment of stable complexity and small world network

properties (see also paramd®&LUSin the next section).
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Neng

Figure1ll: Negative correlation between firm learning rategnd number of consumefQONS
and negative correlation betwegnand price weight RSAT. The plot shows the densityof
samples for the different parameter values and includes the 90 % of santplé®eowest energy

(equation 1k

4.4.2.2 Social Network Structure

The social networknoperties are described by the model parameters number of consumers
(NCONS, average number afeighbos (NNBS, and proportion of clusterinPCLUS,.
NCONSand NNBS account for the dimension of the consumer market WRT®US
accounts for the complexityf the social network structure. As mentioned in secfiéh2
a value of zero represents a completely regular graph with low complexity, while a value
of one indicates a completely randgntonnected topology. For values betwdbase
extremes, the consumers’ social structure exhibits smmald properties (the exact
properties of readlife social networks are described in sectdob).

A “good” social network for Bass curves seems to be one withderate number
of consumers (peak at 70), with each of them having aro6ngeihbos on average

(figure 10. Social network related parameters are interpreted as follows:

1 The density plots were generated using the kernel density estimator for Matlab provided by C.C. Beardah

at http://science.ntu.ac.uk/msor/ccb/densest.html (Beardah and Baxter, 1996).
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Smallworld principles: The clustering raRRCLUS (see sectiod.2.2 had two major
peaks, a smaller one at zero and one at a value which lies around 0.3. While the first
represents a network with a regular topology the latter is a strong indicator for the
preference of a social network based on smvalld principles. But there is more
evidence on the importance of smalbrld properties for the occurrence of Bass
curves. From the first half of samples only 1.2 % exhibit a proportion of clustering
bigger than 0.5. This is in contrast to the second half of ssmyhere already 27.5 %
show aPCLUS= 0.5. Additionallyit is found that all samples withRCLUSbetween O

and 0.1 had an average Bass energyetairon coefficient (equation )14f 0.699
(equals 49 % of explained variance). Samples witCaAUS between0.6 and 0.7
exhibited an average Bass correlation coefficient of 0.823 (equals 68 % of explained
variance).

Balanced network structure: A balanced social structure seems to be necessary for the
Bass curve stylized fact. This is substantiated by a negatweslation of-0.56
(p=0.028, table 3) between number of consumers and proportion of clustering in the
consumer market. Since the proportion of clustering accounts for the complexity of the
social network structure an increased number of consumersa@ecrelimension and
complexity) interestingly leads to the preference twwer proportion of clustering by

the MCMC sampler.

Hence the consumer market seems more likely to reproduce Bass curves if the social

network has balanced complexity and is strreduike a smaiwvorld network.

4.4.2.3 Consumers’ Cognitive States

In the integrated markets model the consumers’ cognibebavior and decisions are

triggered by the parameter weight for social ne&iV, individual needs1i(-SNW, and

product price PSAT) Thresholds for minimum satisfactiorBATyn) and maximum

uncertainty UNCyax) regulate the actions consumers will most likely commit to (see

section4.2.3. Consumer agents’ cognitive parameters are interpreted as follows:
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Netwolk externalities:The simulation results support the hypothesis of positive direct
network externalities as an underlying mechanism for Bass curves (se&i@nFirst

as mentioned in sectiof.4.2.1 consumer agents’ sensitivity to price increases with
more intelligent firm actions (price adaptations). In addijtithe level of minimum
satisfaction increases with the weight of price (cc=0.57, p=0.028, see table 3). Hence if
the price gets more weigtlihe consumers tend to be rather unsatisfied since the
threshold fo minimum satisfaction increaseshis is another indication for positive
network externalities since consumers seem to become more satisfied with a lower
price (weight). Furthermordé t@ 30 % of samples (sorted by reproduction quality of
Bass curvepmax See equation }4exhibit a mean correlation coefficieptax of 0.75

and a mean consumer satisfaction proportion of 97 % (measured by the proportion of
appearance of the consunsghavors “imitation” and “repetition”, see also section
4.2.3. In contrast the first 70 % of samples with a mean Bass reproduction correlation
coefficient pmax Of 0.67 show only 91 % consumers engaged in “satisfylriavior
Hencethere is a positive trend for increasing consumer satisfaction with quality of
Bass curve reproduction. This can be explained by positive network externalities.

Price vs. social needs: For the reproduction of standard Bass curves the best weighting
factor for the social market share paramet@N\Y lies slightly above the initial value

of one half (with a concentration around 0.6), while the price welR8AT)has its

peak at a value of 0.8. This implies a normalized proportion for social needs of 0.33,
individual needs of 0.22nd price of 0.44 (see equatioih Thus for the satisfaction
function of an individual agent the social market share slightly outweighed the
individual needs, while the price seemed to be the most dominant factor. Although the
latter finding is strongly supported by neoclassical economic theory which states that
supply and demand both are funcBoof price, Bass curves seem to need some
additional cognitive and social parameters to accur

Consumer satisfaction and uncertainty: Thmimum satisfaction threshol&ATyn)

has a relatively high peak with the highest concentration around 0.7. This could mean
that consumer agents in general are experiencing a very high level of satisfaction or
they are rather committing themselves tsoaial comparison or deliberation decision
style since the probability to be unsatisfied is rather high (seai@. The

uncertainty threshold has its highest concentration at a rather low value (0.16), which
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indicates thatonsumer agents experience a rather low level of uncertainty in general
or agents mostly engage repetition or deliberativeehavior In order to distinguish
between these possibilitiethe consumer agents conducted actiovid now be
analyzel.

» Consume decisions: The Bass Model summarizes in a simple mathematical form the
key finding from over 4,000 diffusion studies: most people wait until they have
witnessed peers having favorable experiences with the technology or service before
they adopt. Hence nsb people imitate rather than innovate. Analysishefsimulated
consumer decisions reveals that the actual dominant consaghavioris repetition
with a proportion of 89.03 %, followed by deliberation (10.13 %), imitation (0.61 %)
and social compariso(0.24 %) for the top 30 % of sanegl of the MCMC sampler
(figure 12. Thus repetitiobehaviorseems to be the most important mechanism for the
emergence of Bass curvestire consumer market model. Since the consumer market
of the integrated markets moldés based on repeated purchases (every consumer
purchases once at a simulation time step) the development of standard Bass curves over
time heavily relies on consumer’s repetitlsehavior Hence the model showghavior
consistent with the Bass diffusitineory (sectiod.3.2. Furthermorerepetition can be
viewed as a type of imitatiobehaviorsince the consumer agent imitates its own last
decision. For commitment of repetitidsehavior consumer agents must experience
satishction and certainty (low levels of uncertainty). For deliberabiehaviorthey
need to be certain and unsatisfied. Despite the high threshold for minimum satisfaction
the consumer market environment consists of rather certain agents, who are switching
between repetition (when they are satisfied) and deliberdgetravior(when they are
unsatisfied).

Our results show that the emergence of Bass curves in consumer markets can be explained
by the underlying consumer agents’ repetition and imitabehavior which leads to
increasing demand, and deliberatimhaviorwhich refers to positive network externalities

and leads to increased price sensitivity.
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Figure 122 Consumer behavior separated into proportions of imitation, repetitiosocial
comparison and deliberatiohehavior (upper diagram). The development of thresholds for
minimum satisfaction (middle diagram) and maximum uncertainty (lower diagram) shows rather
high levels for satisfaction and low levels for uncertainty as ateéit by the mean of the values

(the straight line). The plot includes the 30 % of sampl#s the lowest energy (equation)15
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4.5 Comparison to Real-Life Social Networks

In the previous section a smalbrld network topology was not explicitly imposed, but
occured because it led to the generation of Bass cuidditional model runswere
implementedjn which the simulations forcedto generate consumer markets with small
world structures related to a rddéé social network.This new model is denoted #se
“optimized” model. The “optimized” model should exhibit a more-like social network
structure in the consumer market. From the comparison of the “normal” Bass validated
model as already described in sectigh8 and 4.4 and the “optimized” modeit is
expected to gain supplementary insights into the role of the-grdtl properties fothe

consumer markets.

45.1 Social Clustering Coefficient and Characteristic Path Length

First, two additional stimatorsare introducedo better characterize the social network
structure. One is the characteristic path len@kLl and the other is the clustering
coefficient SCC see Watts and Strogatz, 1998).

The characteristic path length measures the tygearation between two agents
in the network (a global property) and is defined as the number of connections needed for
the shortest path between two agents, averaged over all pairs of agents in the consumer
market. To find the shortest path between twendg the FloydNVarshall algorithm was
applied (segfor example Cormen et al., 2001).

The clustering coefficient measures the cliquishness of a typsighbohood (a
local property) and is the fraction of existing connections compared to all possible
connections within an agentseighbohood, again averaged over all consumer agents.
Suppose that the consumer agent ¢ N&& number of neighbos and NC; actual
connections between them. Then its clustering coefficBDE is defined as follows

(equation B):

NC, (16)

NNANNC—D;

SCG =
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The characteristic path lengtls@L and the clustering coefficienSCQ are both a
function of the amount of randomness or complexity of the network structure (expressed
by the parameter proportion of clusteriR€LUS. Watts and Strogatz (1998) find that
path length and clustering depend differently on the amount of randomness in the network.
SCL decreases quickly, whilBCCdrops rather slowly with an increaseRCLUS.This
can also be seen in table 3, whgf&l andPCLUSexhibit a correlation coefficient 60.65
(p=0.0091), whilesCCandPCLUSshow a orrelationcoefficientof -0.51 (p=0.053). This
leads to a smallorld network with a high amount of clustering and a rathartsh
characteristic path lengtkrom a soial systems perspective this means that it only takes a
small number of weltonnected people to make a world small (Collins and Chow, 1998).
Watts and Strogatz (1998)ive an empirical example regarding these estimators
They analyzethe characteristicef the social networkof actorsvia the Internet Movie
Databasewhich includes approximately 90 % othe professionalactors. Watts and
Strogatz define that two actors are connected if theyedlay the same movie. Their
results include 225 actors (vedg of the graphsee figure $ with on average6l
connected actors (edges of the ghapgfor comparisorthey provide information of a
randomly connected network with the same number of vertices and average number of
edgeqtable 4).

Table4: Social network properties of movie actffrem Wattsand Strogatz1998)

Social Network Characteristic Path LengtBCL)  Clustering CoefficientYCQ

Film actors 3.65 0.79
Random 2.99 0.00027

4.5.2 TheOptimized Mode

To be able to comparine model results to a model with a more lifke social network
structure the “optimized” modé&d defined

New model runswere executedwhere the parameter proportion of clustering
(PCLUS is excludedrom being modified by the MCMC sampler. Hence the oolyiad
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network related parameters to be manipulated by the sampler were the number of
consumersNCONS and the average numberraighbos (NNBS. Each time the MCMC
sampler changed one of these two parametamsadditionally nonlinear optimizing
algorithm was run(based on golden section search and parabolic interpolatignfosee
example Forsythe et al., 1976; Hagan et al., 1996) to find an optimal vallCiod Sfor
the current sample. This means that with a giN€GONSand NNBSthe optimizer was
meant to manipulate the paramef€LUSuntil it got as close as possible to the values for
SCL and SCC shown in table 4. With this obtained “optimal” value ECLUSIit was
possible toset up the new consumer market for the current sample. The vaRELS
was retained for the following samples until the MCMC sampler again changed one of the
two parameterBICONSor NNBS

Hence the “optimized” model should explicitly exhibit smabirld parameters

similar to those shown in table 4.

45.3 Mode Comparison

An ovewriew of the differences between the optimized and the “normal” model is shown in

table 5. Each of the values is discussed below:

* Values of the Bass correlation coefficiept.4, see equatiotd): Despite the fact that
the means of both models look veryngar in absolute values they are significantly
different at the 5% significance level (p=0.0218) due to the low standard deviation.
Interestingly there is a trend for the optimized model to have lower standard deviation.
This is an indicator for the impved performance of a more lifike social network in
showing the stylized fact Bass curves. Given more time and model runs the “normal”
MCMC sampler would also find the superior solutions of the “optimized” model,
which were found by the use of prior knedge of social network structure.

* Characteristic path lengttSCL: The “optimized” MCMC sampler with the Bass
energy function seems to prefer social networks with a very stable path length of
around 1.74. SincBCLmeasures a global property, the typwabaration between two
agents in the network, it also depends on the paramé@@NSand NNBS(section
4.5.7). Thus 1.74 was the closest value the optimizer could find under these given
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conditions. Interestinglythese valueare close to the “normal” Bass validated model
which was not forced to generate snvadirld network properties. This substantiates
the fact that the MCMC sampler in the “normal” model already preferred more realistic
social networks in order to increase tprobability of the oaarence of Bass curves.
Figure 13(upper picture) shows the rather stable development of both parameters over
time for the last 50 % of samples.

» Clustering coefficient or cliquishnesSGQ: The mean values f@CCof both models
are rather close again. Although the optimized model seems to develop its slightly but
significantly higher average clustering coefficient (0.595) via a network structure using
a higher average number akighbos (~23) together with a lower proportion of
clustering (0.10). The “normal” model seems to reacheéighbohood cliquishness
via a higher proportion of clustering (0.26) but with a lower numbeneaghbos
(~17). SincePCLUSandSCCare negatively correlated (c€51, p=0.053, see table
3) this isa consistentesult. Figure 13lower picture) shows the development of the
parameters over time. Although the mean values of both models are not that far off, the
optimized model has a natural drift in the clustering coefficients towards its
predeterming ideal value of 9 (from table 4, see figure 14 and.15

* The social network properties are described by the number of consINGEHN G, the
average number ofieighbos (NNBS, and the proportion of clusterind®CLUS.
Interestingly both models are veriose in their characteristic path lengBC() and in
their clustering coefficient or cliquishnesSGC) But they seem to develop these
properties in different ways. The optimized model develops a bigger market with more
consumers and also moneighbos but exhibiting a lowePCLUS on average. The
nonoptimized model derives its properties SCL and SCChy a higherPCLUSand
lower number of consumers with a smalh@ighbohood on average. This suggests
that SCC and SCL may be a better measure for tescription of social network
structure tharlPCLUSalone and substantiates their usefulness. Given enough time and

model runs the MCMC sampler would find all of these equivalent paraateiris.

Our results again support the importance of smvald netvork properties in consumer
markets for the appearance of Bass curves. Interestingly thikfeealbserved topology

emerges without being imposed explicitly in the “normal” Bass validated model.
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Table 5: Comparison of the mean jpaneter values for the “normal’” and “optimal” model

including all samples (1000 per model). The values are shown with 96e¥ confidence

interval?

Model comparison Mean Meant Std.Dev. Std.Devept
pmax (€QUation 1% 0.744:0.014 0.74%0.011 0.2198 0.1824
Characteristic Path LengtBCL** 1.81%#0.007 1.74 £+0.03 0.0752 0.3298
Clustering CoefficientCQ** 0.41#0.009 0.5950.009 0.1288  0.1371

Number of ConsumersCONS)** 73.28+0.87 89.24+0.76 14.08 12.26
Number ofNeighbos (NNBS** 16.47+0.37 22.72+0.76 5.91 12.28
Proportion of ClusteringRCLUS**  0.26#0.011 0.104:0.007 0.1837 0.112

Mean differences are significant at the *5 % lemeht the**1 % level.
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Figurel13: Development of the characteristic path [&n@CL and the social clustering coefficient
(SCQ over time. The straight line represents the -aoptimized model, the dotted line the

optimized model values. The plot includes the last 50 % of samples of both models.

2 The mean comparison is based on the nonparametric Wilcoxon ranksum test for independent samples.
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Figure14: Comparison of the distribution of the characteristic path ler&ff, (eft) and the social
clustering coefficientQCQC right). The bars in the background represent theaptimized model,
the bars in the front the optimized model values. The plaides the last 50 % of samples of both

models.

Figure 15. Comparison of the density plots of the characteristic path leSgh @nd the social

clustering coefficientCQ. The plot includes the last 50 % of samples of botHetso
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4.6 Market Share Forecasting

Our results so far have revealed the large impact of smoaltl network properties on the
occurrence of Bass curvestireconsumer markets (sectiohgl and4.5).

Because of this strong evidence multiple linear regressayasrunto test the
hypothesis that the model parameters can be used as predictors for future market share
data. For more detailed comparisons the market share sampie slateinto two and four
parts. The model parameterg/ere treatedas predictors for the emerging future market
share potential. In practicedhese parameters could be derived, for example, from
investigation of the target market's social network topology. Table 6 shows thecsighifi
regression coefficients (model parameters) and the goodness of fit of the multiple
regression (adjusted >Rwhich gives the best measure of the proportion of variance
explained by the predictor variables. Table 6 also shows the regression coeffitidats
parameters vs. the average of the whole, the average of the halves, and the average of the
quarters of the market share time series. The regression results indicate that the parameters
proportion of clusteringRCLUS section4.2.2, weight for social needsSNW equation
9), and the maximum uncertainty threshdtNCyax, sectiord.2.3 were able to explain a
significant part of the whole, thé'half, and especially the'juarter of the méet share.

While it should be very easy for marketing practitioners to measure the complexity of the
target consumer market’s structural complexRZ U9, this might be rather difficult for
social needsINW and the uncertainty thresholddNCuax). The hatter could be discovered

by, for example, surveys of consumer needs and consumer satisfaction.

Furthermoremultiple regressionare runwhere 80 % othe model parameters and
market share time series datare useds training set and 20 % as a test\8#iile table 6
shows the overall results and could be used as forecasting tool applicable to real market
share data, table 7 gives the results tloé predictions from estimated regression
coefficients of the training set to the market share of the tegpsedf sample forecast).

Table 7 shows the regression coefficients and the goodness of fit of the regression
(adjusted B) of the training seto.es gives the standard deviation of the residuals from
prediction of the test set data and S.E. the standaat of the residuals (only the
significant coefficientsvere usedor market share forecasting).
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The multiple regression results again support the relevant role of the complexity
parameter RCLUS. In additionit is shown that the weight of social networfor the
consumer agents’ satisfactiocBNW, the maximum uncertainty thresholdNCyax), and
the social clustering coefficienBCQ seem to be consistent and substantial predictors for

the emerging market sharetbkintegrated markets model.

Table 6: Multiple linear regression of the integrated markets model parameters against different

proportions of average market share. Bold values indicate significant regression coefficients.

Total average 1% half 2™ half 1% quarter 2" quarter 3™ quarter 4™ quarter
Market Share

Adj. R® 0.11 0.10 0.12 0.14 0.08 0.13 0.10
Y 0.62 0.51 0.73 0.31 0.72 0.63 0.83
Ncons 0.00 0.00 0.00 0.00 0.00 0.00 0.00
y -0.23 -0.22 -0.24 -0.35 -0.10 -0.13 -0.34
NN 0.00 0.00 0.00 -0.01 0.00 0.01 0.00
Pclus +0.43 *0.57 0.29 *0.70 0.44 0.35 0.22
SNW **0.82 **0.88 **0.77 **0.95 **0.80 **0.76 **0.78
Psat 0.01 0.02 -0.01 0.04 0.00 0.00 -0.01
SATmin -0.10 -0.17 -0.03 *-0.29 -0.05 -0.01 -0.05
UNCax **-0.63 **-0.53 **-0.73 *-0.38 **-0.68 **.0.74 **-0.71
SCC 0.47 0.61 0.34 0.72 0.49 0.37 0.31
SCL 0.15 0.09 0.21 -0.06 0.24 0.31 0.12

regression coefficients significant at the0 % level *5 % level,** 1 % level

Table7: Multiple linear regression of the significant intagthmarkets model parameters against
different proportions of average market share. Bold values indicate significant regression
coefficients.

Total average 1% half 2™ half 1% quarter 2" quarter 3™ quarter 4™ quarter
Market Share

SEE. 012 012 012 0.12 0.13 0.12 0.10
Ores 024 026 024 0.31 0.26 0.24 0.25
Adj. R? 0.07 006 0.1 0.10 0.06 0.12 0.08
Pclus #0.69 *0.80 *0.58 *0.86 *0.75  **0.66 +0.49
SNW #0.76 *0.80 *0.73  **0.81 #0.80  *0.72  *0.75
UNCinax **.0.44 +-0.32 **-0.57 011  **0.54  *.059  *.0.55
scC +0.97 +1.15 +0.79 +1.20 +1.09 +0.83 0.75

regression coefficients significant at the0 % level *5 % level,** 1 % level
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4.7 Discussion

“Why is network anatomy so important to characterize? Because structure always
affects fution. For instance, the topology of social networks affects the
spread of information and disease, and the topology of the power grid
affects the robustness asthbility of power transmission.”
Strogatz (2001)

The simulations in this chaptexpore the impact of a cognitive and socially bounded
agent based consumer model on the integrated markets model recently introduced by
Sallans et al. (2003). First new consumer agent modepresentegsectionst.1 and4.2).

The modelis embedded in a social structure based on “swalld network” principles
(Milgram, 1967; Watts and Strogatz, 1998). Furthermtbie agents follow a rather simple
cognitive decision structure, but one which is able to adcdom valid behavioal
dynamics such as habits, imitation and social comparison processes (Janssen and Jager,
2000). In the second part of tisbapterthe underlying mechanisms of Bass curaes
exploredby validation of the model generated consumer mar#iata against empirically
estimaté time seriesThereforea recently presented Markov chain Monte C&@McMC)
methodis used(see sectiongl.3 and 4.4). The model produces consistent results as
swggested by economic theory of network externaliti€he results show that the
emergence of Bass curves in consumer markets can be explained by the underlying
consumeitbehavior repetition and imitatiodehavior which leads to increasing demand,

and delileration behavior which refers to positive network externalities and leads to
increased price sensitivity (sectidi4.2.3. Furthermorea good model for Bass curves
seems to involve firm agents which are good learners, opgfiatia market environment

of stable complexity and small world network properties (secdah.1and4.4.2.9.

The most striking fact thas documengdis the importance of smalorld network
properties for the occurrence and prediction of the Bass curves in consumer markets.
Interestingly this reallife observed topology emergestime integrated marketaodel by
selection of the MCMC sampler without being imposed explicitly (seetiBn This has

implications for marketing practitionerghe results strongly suggest that it is useful to
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consider the structural properties of the target market, like cliquishness of the consumers’
neighbohood or complexity of the maeKs social structure, and consumers’ cognitive
parameters, like their (social) needs and consumer satisfaction, to improve the quality of
sales forecasts. These results may even have more general applications than just in
combination with the Bass modéturther (empirical) research seems to be fruitful and
necessary regarding the smatbrld properties in conjunction with marketing forecasts.

line of research could focus on the grouping of the markets by their social properties and
relate thesefor exanple to innovation and imitation effects (the p and q parameters) of
the Bass diffusion modeDne couldhenanalyze the impadaif the structural properties on

future market share development.
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5 Synopsis

“Stock markets are psychology.”
André Costolani

Modern financial economic theory is based on the assumption that the “representative
agent” in theeconomy is rational in two ways: The representative agent makes decisions
according to the axioms of expected utility theory and makes unbiased forecasthabout
future. An extreme version of this theory assumes that every agent behaves in accordance
with these assumptions. The argument that asset prices are set by rational investors is part
of the grand oral tradition in economics and is often attributediltoriMFriedman, one of
the greatest economists of the centldyt the argument has fundamental problems. First,
even if asset prices were set only by rational investors in the aggregate, knowing what
individual investors are doing might still be of intgreSeconly, although the argument is
intuitively appealing and reassuring, even when the relationship between two prices is easy
to calculate and fixed by charter, prices can diverge and arbitrageurs are limited in their
ability to restore the prices fuarity (see sectiof.1 on limits to arbitrageThaler, 1999

In recent years a body of evidence on security returns has presented a sharp
challenge to the traditional view that securities are rationally ptedflect all publicly
available informationFurthermorg over the last decades, prominent researchers in both
economics and psychology have criticized the view of neoclassical economics as
psychologically unrealistic and proposed alternative assunsptidre underlying idea of
this research is far too compelling to consider it temporary: the more realistic the
assumptions about economic actors, the better the economics. Thus economists should aim
to make assumptions about humans as psychologicallgtieals possible.

Behaviorml finance argues thaempirical financial phenomenalike market
anomaliescan plausibly be understood using models in which agents are not fully rational.
In particular,behavioal finance has two main building blocks: limits arbitrage and
cognitive psychology or psychology of decision making. Limits to arbitrage refers to the
effectiveness of arbitrage forces under different conditions. Cognitive biases refers to the
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huge psychological evidence documenting that people metensatic errors in the way
they come to decisions under the condition of uncertainty. For exathple can be
overconfident, they may put too much weight on recent experience, etc.

Perhaps the most important contributiorbehavioal finance on the theyp side is
the careful investigation of the role of markets in aggregating a varidighavios. In
particular, thepublications show that in an economich includes interacting rational
and irrational traders, irrationality can have substantial amgHieing impact on prices.

One reason is that there are some psychological biases which virtually no one can escape.
A second reason is that when traders are risk averse, prilees seweighted average of
beliefs. Just as rational investors trade tatiadpe away mispricing, irrational investors
trade to arbitrage away rational pricing. The presumption that rational beliefs will be
victorious is based on the premise that wealth rihastfrom foolish to wise investors. But

if investors are foolishly aggssive in their trading, they may earn higher rewards for
bearing more risk (sedor example DeLong et al., 1990b and 1991) or for exploiting
information signals more aggressively (Hirshleifer and Luo, 2001). Thus irrational traders
may gain from intimidting competing informed traders (Kyle and Wang, 1997). Indeed,
one would expect wealth tiiow from smart to dumb traders exactly when mispricing
becomes more severe (Shleifer and Vishny, 1997; Xiong, 2000), which could contribute to
selfeeding bubbles.

The thesis is organized as followis.the first part of the thesis seminal theoretical
and experimental work orbehavioal finance and market anomaligs reviewed.
Furthermore the underlying psychological mechanisms and empirical evidence of robust
and ystematic effects observed in experiments and over a wide area of financial markets
data are emphasizéchapter?).

In the second part of the thesis the novel methodology of -hgset
computational economics esentedThis technique provides a framework to study an
economic system in a controlled computational environraedtis well suited for testing
behavioal theories (see chapt&. Moreovera significant feature of agebised models is
the ability to explicitly model “boundedly rational” agents (Simon, 1982). These agents
have explicit limitations on their memory, knowledge or computational abilifies.
simulate selectedbehavioal effectsin an artificial economyan agentbasedintegraed

markets modeis developedsee chapte4). The integrated markets model will serve as a
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testbed, which allows the investigation of market dynamics under conditions, which are too
complex to be addressed analytically. The arlyihg behavioal, cognitive and social
mechanisms are explored.

The integrated marketsnodel’s environmentconsists of a financial market with
trading agents and a consumer mank&h cognitive and socially bounded consumer
agents is develope@he marlets are coupled via learning production firm agents offering
their products and shares for sale. The consumer agents are embedded in a social structure
based on “smalvorld network” principles. The cognitive model of the consumer agents
enables them to rka their decisions according to tlhehavior of the adjacent social
neighbohood and based on the degree of satisfaction and uncertainty they are facing. The
potential and limitations of the consumer agent model are explored by applying a recently
introdued Markov chain Monte Carlo method. Therefore certain empirical phenomena or
“stylized facts” are selected for reproduction within the simulation and the conditions of
their occurrence are analyzed. It is shown that the properties of the social netwaitkestr
and the sensitivity of the agents’ cognitive decision making process (heuristics) contribute
significantly or are, in fact, enabling the complex phenomena of Bass curves observed in
consumer market scenarios. Furthermdne results indicate thate structural properties
of the emerged social networks are stable and matchifeeabcial networks. Moreover it
is shown that the network structure has a strong impact on the development of market
share. Thud is suggested tase the social networledcriptive parameters, which could be
discovered empirically, as predictive factorsrmarket dynamidorecasts

Neverthelessanomaliesin “real” financial marketanust be viewed with caution
and scepticism, as spurious mispricings can surface foretyafireasons, such as errors
in defining normal return, data mining, survivorship bias, small sample bias, selection bias,
nonsynchronous trading, and misestimation of risk. Although anomalies should disappear
in a close to efficient market, they may fist because they are not well understood,
arbitrage is too costly, the profit potential is insufficient, trading restrictions exist, and
behavioal biases exist (see also chagieron limits to arbitrage). Dasnented and valid
anomalies may still be unprofitable because the evidence is based on averages and may
therefore include a large fraction of losers. Furtherptbee conditions responsible for the
anomaly may change, and trading by informed investors caage the anomaly to
disappear (Singal, 2004).
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According toThaler (1999b)yehavioal finance is no loger as controversial as it
was. As financial economists become accustomed to think about the role of human
behaviorin driving stock prices, people witbok back at the articles published in the past
15 years and wonder what the excitement was about. Moréldvader predicts that in the
not-too-distant future, the termb€havioal finance” will be correctly viewed as a
redundant phrase. What other kindl finance is there?Economists will routinely
incorporate as muchbthaviof into their models as they observe in the real world. After

all, to do otherwise would be irrational.
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