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RESUMO

Finangas comportamentais, ou economia comportaieantsiste
em um campo tedrico que justifica que existe ingoads variaveis
psicologicas e comportamentais que  estejam  enwswadh  actividades financeiras,
tais como decisbes de finangas corporativas ewstimentos (alocacdo de ativos, gestdo de
portfélios e assim por diante).

Este campo tem experimentado um crescente intellesaeadémicos e profissionais
da area financeira desde episodios de varias bodispeculativas e crises financeiras. Na
verdade, incoeréncias entre os eventos observadosmercado real e a teoria financeira
tradicional estdo levando mais e mais pesquisa@ooéizar para modelos e teorias novos e
mais abrangentes.

0] objetivo deste trabalho e fazer uma revisao dgpcede financas
comportamentais, ainda pouco conhecido pela maioriadas pessoas. Este
trabalho apresentara as suas origens e suagpimteorias, contrastando-as com as teorias
tradicionais de financas.

A principal questdo que orienta o trabalho € idieati se esta area € capaz
de fornecer melhores explicacbes para os fenOmeras de mercado. Para esse efeito, o
documento vai relatar algumas anomalias anomatiasetcado que ndo sao explicadas pelas
teorias tradicionais, que foram atualmente aboslagelos estudiosos de financas
comportamentais. Além disso, o estudo faz umaagdic pratica para a atividade de gestéo
de carteiras, comparando a alocacdo de ativogaesuido modelo tradicional de Markowitz
a obtida do modelo de Black e Litterman, que admi@lgumas questdes de financas

comportamentais.

Palavras-chave: finangas comportamentais, preconceitos, aversao edlapexcesso de
confianca, 0 enquadramento, o comportamento de daamacarteira de baixa volatilidade,

anomalias do mercado, o modelo Black-Litterman, 0 modelo de Mauikz.



ABSTRACT

Behavioral finance, or behavioral economics, caas$ a theoretical field of research
stating that consequent psychological and behdviadables are involved in financial
activities such as corporate finance and investrdenisions (i.e. asset allocation, portfolio
management and so on).

This field has known an increasing interest frorhatar and financial professionals
since episodes of multiple speculative bubbles &ndncial crises. Indeed, practical
incoherencies between economic events and traditineoclassical financial theories had
pushed more and more researchers to look for nevbarader models and theories.

The purpose of this work is to present the fieldedearch, still ill-known by a vast
majority. This work is thus a survey that introdsiées origins and its main theories, while
contrasting them with traditional finance theomséii predominant nowadays.

The main question guiding this work would be to gehis area of inquiry is able to
provide better explanations for real life markeepbmenon. For that purpose, the study will
present some market anomalies unsolved by tradititheories, which have been recently
addressed by behavioral finance researchers. lii@ddt presents a practical application of
portfolio management, comparing asset allocatiateuthe traditional Markowitz’s approach

to the Black-Litterman model, which incorporatemedeatures of behavioral finance.

Keywords: behavioral finance, heuristic-driven biases, losgsion, overconfidence,
framing, herd behavior, low volatility portfolio, arket anomalies, the Black-Litterman
model, the Markowitz model.
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This introductory chapter to this paper has foeotive to present the field of study
that constitutes behavioral finance. It will intca# the field’s historical background through

the research conducted by its main partisans.

. What is Behavioral Finance ?

“Behavioral finance is the study of the influencepsfchology on the behavior of

financial practitioners and the subsequent effectsnarket’ (Sewell, 2005)

“1 think of Behavioral finance as simply “open-middénance’. (Thaler, 1993)

“This area of enquiry is sometimes referred as “babral finance” but we call it
“behavioral economics”. Behavioral economics condsrthe twin disciplines of psychology
and economics to explain why and how people makenisgly irrational or illogical

decisions when they spend, invest, save and barromey’ (Blesky and Gilovich, 1999)

“The objective of behavioral finance is to discomed remedy to the constated deviations
from rational decision making in the investmentqass’ (Mahmood, Zohidkhan, Ahmad &
Anjum, 2011)

Behavioral finance, or behavioral economics, seeksderstand and quantify the impact
of emotions, psychology and general individualshdagor on investing activities and
financial decisions. It represents finance fronr@ader social sciences perspective including
psychology and sociology. This field had known acréasing interest since its inception in
the 1970’s. Its theories had been mostly elaboratezbntraction of the dominant theories
proposed by the traditional finance researchere dhomalies and incoherencies of this

field’'s theories pushed behavioral finance reseascho look for new models. Its main
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contraction with traditional finance is about théfidtent Market Hypothesis. The later
hypothesis argues that speculative assets priegg/slincorporate all the information about
fundamental values and prices only change becabtisgertsible information. The main
proponent from this theory is the economist Eugeaaa, who published in 1970 a defense

of this theory calledEfficient market: a review of empirical wdrk

[I. Historical Background

«We suffer more...when we fall from a better to a tsitsiation, than we ever enjoy
when we rise from a worst to a betterThis citation, representing in some ways tloss'
aversiori theory, is from Adam Smith, economist of thé"i&ntury. However, Adam Smith
is not even the first one mentioning theories closthe behavioral field that we know, which
started to grow exponentially since 1980’'s. Indewdre than a century before him, Gustave

Le Bon publishedThe Crowd: a study of the popular min(L896) which is still a reference

among the literature about social psychology. Meeeothe belief that prices’ movements on
the exchanges were dependent to an important degréee mental attitudes of the investors

was first presented as early as 1912 by Seldensirbéok ‘The psychology of the stock

market.

The theories of cognitive dissonance emerged ir6 188nks to Lean Festinger. These
theories describe the fact that, when an individsakubject to two cognitions that are
inconsistent, this will produce a state afognitive dissonanée As this is an unpleasant

experience, most people will try to decrease ialbgring their beliefs.

1970’s and the beqginning of constatation of anomals

In 1973, Tversky and Kanheman performed severaliesuabout the dvailability
heuristic. They describe it as gudgmental heuristicwith which individuals evaluate the
frequency of a class, or the probability of an ¢yéy their availability. It means that they
evaluate them by the ease with which the relevafarmation concerning them comes to
mind. In 1974, the same researchers described ther beuristics that are employed when
making judgment under uncertainty: theegresentativeness heuristiand the ‘anchoring-
and-adjustment heuristicThe first one represents the fact that peophel t® rely too much
on stereotypes when judging the probability thateaent belongs to a certain class. The

14



second one is characteristic of the fact that geaphen making estimates, tend to start from
an initial value that they then adjust to yieldirsaf answer. The main conclusion they drew
from their studies concerned the effects of themgriktics, and of numerous others that we
will study later on, on individuals’ investing behar. Indeed, people tend to make decisions
impacted by systematic biases because of thesestiesir

In 1979, Kanheman and Tversky criticized thexgected utility theoty used by
traditional finance as a descriptive model of decisnaking under risk. They developed an
alternative model which they called therbspect Theotyand that we will study in another
chapter. Their findings permitted them to obtaie tHobel Prize of Economy in 2002.
Principally, under the prospect theory, value Ed@eed to gains and losses separately instead
of being assigned to the final wealth position iobf asset holdings. The theory (confirmed
by experiments) predicts a distinctive pattern igk rattitude: risk aversion for gains of
moderate to high probability and losses of low piulity; risk seeking for gains of low
probability and losses of moderate to high proligbifAccording to Kahneman and Tversky,
investors’ attitude is not consistent when dealwith the prospect of gains and losses. In
reality, their attitude will be representing thepopite of these prospects. It diverges from
traditional finance as it states that investorshdaor is actually consistent in profits and
losses’ prospects. The basic difference betweerptbgpect theory and traditional finance
theories is that investors who expect profits dngaend to become risk adverse in order to
stabilize their gains, but become risk seekershim prospect of losses. On the contrary,
traditional finance states that investors are &test, and that they are risk adverse all the
time.

These theories concerning heuristics and biasadional investors are totally in
contradiction with traditional finance theories amdostly with the Efficient Market
Hypothesis. Indeed, according to its main artiargene Fama (1970), investors are rational
and efficiently respond to new information regagliime stock market. Any decision they
make fully reflect any information available. Thése¢hus no chance of abnormal return event
in the long run. Even if assets prices are not@ngpralued, the hypothesis said that they will

come around to rational price level through thecpss of arbitrage.

1980's literature and the evidence of excess vollity

Behavioral finance theories mainly emerged in thmwst elaborated form in the

1980’s. Thanks to empirical testing concerning stiey patterns, it appeared that the market
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was not as efficient as described by the Efficatket Hypothesis. The existence of certain
anomalies such as thesrhall firm effect or “January effe¢t was proof of some
inconsistencies between the theory and the reditgording to behavioral finance theorists,
the main reason for this discordance between madelsreality was that traditional finance
was not taking into consideration the importancenggéstors’ behavior in decision making
processes.

Several reasons were exposed by the researcheosdén to justify the lack of
rationality of investors. First, in 1980, Thalegaed that there were multiple circumstances
when consumers act in a manner that is inconsistightthe traditional economic theory and
proposed that the prospect theory be used as #ig floa an alternative theory. He discussed
also several other topics such as: thaderweighting of opportunity costghe “feeling of
regret’ and the fssue of self-contrdlplus an introduction to hisiental accounting thecty
Mental accounting is principally a set of mind cgteins that people use to organize, evaluate
and keep track of their financial activities.

In 1981, Tversky and Kanheman introduce the notain“framing. It is a
psychological principle that rules the perceptidrpblems, the evaluation of probabilities
and that can produce shifts of preferences whesdhe problem is framed in different ways.
On another subject, the same year, Schiller argjugdthe stock price volatility was far too
high to be attributed to new information about fetteal dividends.

In 1985, De Bondt and Thaler gave an official stahat is nowadays known as

behavioral finance through their articl®des the stock market overreactTheir main

argument was that people tended to systematicalyreact to unexpected and dramatic
news. This phenomenon resulted in creating a wewak bf efficiency in the stock market.
Moreover, a year later, Simon argued that sometimesstors made irrational decisions
because they had a limited capacity to procesmtbanation available or revealed to them.

In 1988, Campbell found evidences of excess vdiatil the stock market. The phenomenon
of excess volatility implies that changes in prioesur for no fundamental reason. Behavioral
finance argues that it happens because of thingd s$ ‘animal spiritS or “mass
psychology phenomenon. His work confirmed the hypothesig wtack prices had more
volatility than the efficient market hypothesis tbiexplain. Indeed, the volatility of the
overall stock market seems to not be explainabkl wny variant of the efficient market
model in which stock prices are formed by lookitdghe discounted present value of future

returns.
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1990’s and the blossom of behavioral finance

In 1991, Kanheman, Knetsch and Thaler discussex tanomalies that do not fit in
the efficient market hypothesis model: tlmtowment effett’ loss aversiohand ‘the status

quo bias. Thaler published the following yearThe winner's curse: paradoxes and

anomalies of economic lifelealing with these anomalies and how they areontradiction

with traditional finance theories. Following theenid, Plous discussed the social aspects of
decision making processes iRsychology of judgment and decision makifi®93) and
Grinblatt, Titman and Wermers studied the behaebmutual funds in 1995. The three

researchers found evidence of momentum strateghenting behavior.

In 1996, Chan, Jegadessh and Lakonishok found msgdéhat price and earnings
momentum strategies were profitable. It implies ti@ market only responds gradually to
new information, which represents a phenomenonnaetreaction to new information, in
contradiction with efficient market theories.

In 1997, Basu studied and revealed evidences Bmgpetihe existence of the
“conservatisrh principle which he interprets as earnings reflegtbad news more quickly
than good news. One year later, Barberis, Shlafel Vishny elaborated a model of
investors’ sentiment that displayed under-reactibetock prices to news such are earnings’
announcements and overreaction of stock pricesrtessof good or bad news.

In 1998, Eugene Fama defends the Efficient marlebthnesis; he claims that the
apparent overreaction of stock prices to infornmati® about as common as their under-
reaction. Therefore, he argues that there is nticpkar behavioral attitude that is responsible
for any of the comportment as they are as commoth@sther. This argument is judged
unconvincing by behavioral finance researchershastivo phenomena seem to occur in
different circumstances and time intervals.The samar, Odean made tests and found
evidences for thedisposition effe€t which represents the tendency of investors tb se
winning investments too soon and to hold the losings for too long. Meanwhile, Daniel,
Subrahmanyam and Hirshleifer developped a theorythef security market based on
investors’ overconfidence about the accuracy ofgbe information, and about biased self-
attribution. The later tend to cause changes irstors’ confidence as a function of their
investments’ outcomes. Both phenomenons can leayeaots of market under-reaction and

overreaction.
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In 1999, Camerer and Lovallo experimentally foulnat toverconfidence and optimism
led to excessive businesses’ creations. The same @®lean argued that overall trading
volume in the equity markets was excessive. He ghbuhat this fact can possibly be
explained by investors’ overconfidence. He alsontbwevidences of the disposition effect
which led to profitable stocks to be sold too samd losers to be held too long. Meanwhile,
Veronsi elaborated a dynamic, rational expectagiguilibrium model of asset prices. Within
this model, among other features, prices tend treact to bad news in good times and to

underreact to good news in bad times.

2000'’s literature, confirmation and recent findings

In 2000, Hong, Lim and Stein found evidences thah-Epecific information, and
most particularly negative ones, were diffusingyogtadually across the investing public,
which was responsible for the momentum in stockrret The same year, Shleifer published
a comparison of behavioral finance and the Efficiemarket hypothesis inlfiefficient
markets: an introduction to Behavioral Finaricevhile Shefrin publishes his boolBgyond

greed and fedr a reference within the behavioral finance field.

In 2001, Barber and Odean performed a psychologesd¢arch which showed that
men were more prone to overconfidence than womgpeatally in male dominated areas
such as finance. This overconfidence tends to teath to trade excessively. Indeed, they
found that men were trading on average 45% mora thamen, and thereby they were
decreasing their returns compared to women. The saar, Grinblatt and Kolharju studied
buying and selling activities. They found evidentledt past returns, reference prices effect,
tax losses selling, plus the fact that investorgewmesluctant to realize losses, were all
determinants of trading activities. Meanwhile, Huban provided compelling proofs that
people strongly tended to invest in the familiaile/often ignoring the principles of portfolio
theory.

In 2002, Gilovich, Griffin and Kanheman publishe#i€uristics and Biases: the

psychology of intuitive judgméniThey defined three different categories of hstlics. First,

there are general purpose heuristics suchaffect, “availability”, “ causality, “fluency,
“similarity” and “surpris€. In addition, there are special purpose heusstguch as
“attribution”, “ substitutiori, “outrag€, “prototypé, “recognitioi and “choice by likingor
by default. Finally, there are additional heuristics suche drepresentativene$sand

“anchoring-and-adjustmeht
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In 2003, Barberis and Thaler publish theButvey of behavioral finantereference

paper, widely utilized in this paper. Most recentty2008, Birnbaum elaborated a transfer of
attention exchange model and in 2009, HarrisonRundtrom attempted the reconciliation of

the expected utility theory and of the prospecbtiidy using a mix model.

Conclusion

In order to study financial markets, researcherge adopted the use of behavioral
theories and applications to overcome the shortegsnof neoclassical financial approaches.
Behavioral finance attempts to integrate variolmments neglected by traditional finance
theory. The field agrees that, when making investnaecisions, investors choose products
matching their risk tolerance level. They tend ke up their mind based on the information
available to them through various channels andcgsuipublic and private.

However, on the contrary to traditional financeuasption, behavioral finance argues
that their knowledge and past experience contribatesiderably toward their risk assessment
process of an investment. After determining thisik profile and attitudes, they will look for
a suitable return for this level of risk tolerand@ée aim of behavioral finance is to analyze
phenomena on the market place, while still keepingew psychological factors involved in

the common behavior of investors.
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Chapter 2

Heuristic-driven biases
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A heuristic refers tothe process by which people find things out fontbelves, usually
by trial and errof (Shefrin, 2001). Behavioral finance attempts dentify the principles
underlying these subsequent processes or “ruldsiaib”. According to the theory, they tend
to initiate systematic errors that impact the mbaeded stocks’ prices. Indeed, agents rely on
these heuristics and draw inferences from themrdowpto the information at their disposal.
They are thus susceptible to make certain mistdlexzmuse the general principles they

developed are imperfect.

These heuristics are the main responsible for tiaseb that people, and therefore,
investors have and which provoke erroneous dedsibimey may surface in different contexts
such as analysts’ forecasts, investors’ evaluatiofunds performances, corporate takeover
decisions and types of portfolio selected by indlinl or institutional investors.

This chapter has for objective to present and desche different heuristics and biases
that investors are subject to have according t@wehal finance. We will study their effects

on investors’ behavior and on the market in thieofing chapters.

l. Beliefs based biases

1. Overconfidence

One of the main bias, presented by Shefrin, but &lg Barberis and Thaler in their

“Survey of behavioral financeis overconfidence. According to them, people apegally

overconfident in their judgment, which can be seentwo different ways. First, the
“confidence intervals” that agent attribute to thestimate of general quantities (i.e. the level
of the Dow Jones in a year for instance) is way riaacow compared to reality (Alpert &
Raiffa, 1982). Secondly, agents are often badlipted when estimating probabilities. The
events they are generally certain that will ocattually occur only 80% of the time and the
ones they judge impossible to happen tend to o2036 of the time (Fishhoff, Slovic,
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Lichtenstein, 1977). To sum up, this factor is mesble for people setting overly narrow

confidence bands; they evaluate the highest soortotv and the lowest score too high.

2. Optimism and wishful thinking

This factor is represented by the fact that pesptev unrealistically good opinion of their
own abilities and prospects (Weinstein, 1980). Qhsrstudy, Weinstein performed a survey
which shows that 90% of the person interrogatettbed that they possessed above average
capabilities in domains such as driving skills,ligbito get along with people and sense of
humor. In addition, people tend to display systeoalanning fallacy, where they predict that
diverse tasks (i.e. such as writing papers foramst) will be completed much sooner than
they actually are (Buehler, Griffin & Ross, 1994).

3. Representativeness

When people try to determine the probability thalata set A was generated by a model
B, or that an object A belongs to a class B, thiggnouse the representativeness heuristic. It
means that they evaluate the probability by therekedo which A reflects the essential
characteristics of B to their opinion (Tversky & ideeman, 1974). More generally, it means
that people tends to refer to judgments based emedctypes. Even if this method can be
useful, it can also provoke some severe biases. @ritbem is called thesample size
neglect. It represents the fact that, when judging thkelihood that a data set was generated
by a particular model, people tend to fail to tdlke size of the sample into account in their
estimation. In the cases where people do not kmitvally the data generating process, they
will tend to infer it too quickly on the basis otmny few data points (Barberis & Thaler,
2003).This belief that even small sample will reflehe properties of the parent population is
also sometimes known as thlaw of small humbefs(Robin, 2002). In the cases where
people do know the data generating process in agydne law of small numbers generates a
“gambler’s fallacy effett This phenomenon arises when people inappropyigieedict a
reversal in a gambling or investing situation. ¢teg against therégression to the mean
theory. Indeed, people tend to believe that when a shaskbeen over performing the market
several times in the row, it will probably be ungkxnforming in the next cycle. However,

regression to the mean suggests that, when therdden above average performances, the
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future performance will be closer to the mean. ilt mot be below it, like most people think,
in order to satisfy theldw of averagées De Bondt reports that, because of the gambler’s
fallacy phenomenon, general market predictionsansistently overly pessimistic after three

years of bullish markets and overly optimistic afteee years of bearish market.

4. Conservatism, belief perseverance and confirmatiohias

The conservatism bias is responsible for peoplénigathe tendency to react too little to
new information, and to rely too much on their prapinion. Indeed, once people have
formed an opinion, they tend to be clinging tooi tightly and for way too long (Lord, Ross
& Lepper, 1979). Therefore, people are first redmttto search for evidence that contradicts
their existing beliefs. Then, if they happen todfisuch evidence, they tend to treat it with
excessive skepticism. The confirmation bias caa aiger in play in this scheme when people
misinterpret evidence that goes against their Hg®$ as actually being in their favor. They
are so persistent in their beliefs that they tryobgain a justification for them, even if the
justification is an irrational one. For instandeagents start to believe in the Efficient Market
Hypothesis, they will keep believe in it long aftmmpelling evidence to the contrary had

appeared.

5. Anchoring

The anchoring phenomenon appears when people, V¥dniteng estimations, start with
some initial, and possibly arbitrary value of tiesults. Once the estimations formed, they will
just adjust away from it (Kanheman & Tversky, 1978xperiments show however that the
adjustment is often insufficient and that peopleham too much on the initial value. A
representation of anchoring is the analysts’ reastito earnings announcements. Indeed,
Shefrin argues that they do not revise their owtmeges enough after the announcement in
order to reflect the new information. As a consempae positive earnings surprises tend to be

followed by supplementary positive surprises, dreldame goes for negative surprises.

6. Availability bias, emotion and cognition

When judging the probabilities of an event, agesften search in their memories and
experiences for relevant information that couldphitlem form a decision. This process can

produce biased estimates because not all memaresirailarly retrievable or “available”.
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Indeed, the most recent or salient memories wiligihtemore heavily and will distort the
estimate (Kahneman & Tversky, 1974). Emotions gy an important role in the way
people remember events, which traditional finamemties failed to recognize. Cognition, as
defined as the way people thirikis another element that needs to be taken iotount as it

plays a part in people’s decision making process.

Il. Preference based biases

1. Framing and Problem description

A frame is a form used by people to describe asitatiproblem. If agents ardrame
independerit therefore the form would be irrelevant to th@lpem and would not interfere
to the decision making process. Traditional finaaffems that framing is transparent, and
therefore, as rational investors, agents are nasidering the frame of a problem when
making a decision. However, behavioral finance m&suthat some frames are opaque. As a
consequent, behavior and decision making can depertde particular frame that affects the
individual, depending on its opacity (Shefrin).

Problem description reflects a certain kind of fragn Indeed, there are numerous
demonstrations that reveal a 30% to 40% shift ienég preferences depending on the
wording of a problem or of a situation. This fatiows the importance of the problem’s
description and thus of the way it has been frameaditional finance cannot explain such
behavior as one of the main principle of rationabice is that the decision making process
should be independent of the problem descriptionf as representation.

The framing heuristic concerns the way a problena @ituation is presented to the
decision maker. The agents have a certain degrétexdfility in how they could think about
a problem. In order to illustrate this fact, therlBais and Thaler presented the following

situation:
“A gambler goes to a race track and wins $200 is fiist bet but then loses $50 on his

second bet. Does he code the outcome of the sbebdrad a loss of $50 or as a recently won
gain of $150?”
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The process by which people formulate such prolitanthemselves is calledriental
accounting (Thaler, 1999). The important feature of mentat@unting is the riarrow
framing phenomenon. Indeed, people have the tendencyrdat tindividual gambles
separately from other portion of their own weaNidhen offered a gamble, agents often
evaluate it as if it was the only gamble they fat¢he world rather than combining it with
pre-existing gambles, to see if the new one is ghmdnile addition. Over a study, Tversky
and Redelmeier (1992) showed the effects of franand mental accounting through a

survey. The following problem was proposed to aigrof people:

“You are proposed the following bet: F (2000, 0:500, 0.5). Questions:

- Would you take the bet?
- Would you prefer to play F five times of six times?
- If you do not know the outcome of the five firsies, would you be ready to play F a

sixth time?”

The results show that 57% of the subjects are iibhgvto take the bet; 70% would prefer to
play F six times rather than five times; and 60%tloé person surveyed rejected the
possibility to play a sixth time if they do not kmdhe gains and losses attached to the five
first times. The results to the two last questi@m®w a certain degree of reversal of
preference according to what the agents know atimitgains and losses. It suggests that
some subjects are framing the sixth gamble in &@iceway, by segregating it from the other
gambles, as 60% of rejection is very close to thieal percentage of 57%. Therefore, the
sixth gamble is almost taken separately as an iohaiy gamble such as the very first one,

considering the similarity of percentage of rejecti

2. Ambiquity aversion

People tend to have a strong aversion for ambigagyepresented by uncertainty in
results and situations for instance. Ellsberg shibtieis phenomenon by an experiment in
1961:
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“You are presented with two urns, 1 and 2. Urn 2 123 balls, 50 Red and 50 Blue. Urn 1
has 100 balls but the color mix is unknown. You presented several gambles involving
payment of $100:

- A:aballis drawn from U1; you earn $100 if itrsd and $0 if it is blue.
- B:aball is drawn from U2; you earn $100 if itrsd and $0 if it is blue.

And then:

- C:aballis drawn from U1, you earn $100 if itdkie and $0 if it is red.
- D:aballis drawn from U2, you earn $100 if itbtue and $0 if it is red.”

According to the results, the two gambles the nobstsen were the B and the D. The
persons surveyed had the tendency to avoid takamgbfes with U1l which composition of
colored balls was unknown. In this case however silbjects make the assessment first that
there is less than 50 red balls (thus more thabl&® balls) in U1 by choosing the gamble B,
and then they make the assessment that theresithis 50 blue balls (thus more than 50 red

balls) in U1, which is impossible.

The experience suggests that people really dislikations where are uncertain about the
probability distribution of a gamble, that is whey tried to avoid to choose the urn with the
unknown mix, even if it led to an impossible asstiolnp This phenomenon is representative
of the “ambiguity aversiohheuristic. In their 1991 study, Heath and Tverskgued that in
the real world, ambiguity aversion has a lot tovdth how competent an individual feels
about the way he can assess the accurate distribdihe opposite of ambiguity aversion is
called ‘preference for the familidrand is observed in situation where people fepkemlly

competent in evaluating a gamble.

3. Loss Aversion

The role of loss is one of the starting points Kemhn and Tversky findings about frame
dependency. They provided evidence that peopledgiyaisliked loosing. They argued that a
loss had about 2.5 times the impact of a gain @stime magnitude. This phenomenon is also

responsible of what Shefrin called thget-evenitis syndrome. Indeed, investors are really
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reluctant to sell at a loss and have the strongredés get “even” before getting out of a
position.

The vast majority of models assume that investeeduate gambles according to the
“Expected Utility framewoik However, it has been shown that people tendidtate this
framework when choosing among risky gambles (Voaren & Morgenstern, 1947). The
expected utility model constitutes a good approxiomato how people evaluate a risky
gamble like investing in the stock market. Howevecan difficultly to explain basic facts
about the same stock market. Other models havebiers proposed in order to improve the
current model such as théVeighted Utility theory (Chew & MacCrimmon, 1979), the
“Implicit Expected Utility theoty(Chew, 1989), the Disappointment Aversion thedr{Gul,
1991), the Regret theory (Bell, Loomes & Sugden, 1982), th&kank Dependent Utility
theory (Segal, Yoari, 1987), and finally therbspect Theory(Kanheman & Tversky, 1979
and 1992).

The Prospect theory represents the most promiditigecabove propositions for financial
applications. It revealed itself as being the nssicessful at capturing experimental results.
The theory tries to understand and explain peoplitiside towards risky gambles. According
to the two researchers, people tend to make chaigpsssible to justify based on rational
grounds. Moreover, when choosing between diffegambles, they tend to pick the one with
highest value. This theory has several importaatifes:

First, within the theory, utility is defined overigs and losses rather than overall final
wealth position (Markowitz, 1952). There is a ttausiolation of the expected utility theory
by this focus on only gains and losses. To illusttheir assumptions, the authors performed a

survey with the following problems:

Problem 1: “In addition to whatever you own, yowbaeen giver $1000. You have now the
choice between these two gambles: A (1000; 0.5BafuD0; 1).”

Problem 2: “In addition to whatever you own, youvkabeen giver 2000. You have now the
choice between these two gambles: C (-1000; 0.8)a(500; 1).”

When presented to a group of people, the choices® C were the most popular. The

interesting fact about this experiment was thattiie problems offer the same situation in

terms of final wealth position. A rational group afents would be expected to choose the
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same, but yet they chose differently. It showed thay only focused on the gains and losses
factors, and not on the final wealth position asuith do rational agents.

Secondly, people tend to be risk adverse over gamdsisk seeking over losses. They
appear to have a greater sensitivity to lossestihgains, which is representative of thess
aversiori heuristic.

Finally, the prospect theory explains people’s grexice for insurances and for buying
lottery tickets by a process of overweighting a lsmi@bability (i.e. accident or winning the
lottery), which leads to risk seeking. The same nph@enon of overweighting small
probabilities introduces risk aversion over gambigsch have a small chance to provoke a
large loss.

The theory main goal is to explain why people madiéerent choices in situation with
identical final wealth level. It can also accommiadthe effects of problem description or of

framing.

4. Hedonic editing, cognitive/emotional aspects and l§&ontrol

According to Gross (1982), investors prefer sonaenfrs to others. This fact represents
the principle of hedonic editioh For instance, to encourage reluctant investorssell
loosing assets, the hedonic edited version woul laelvise him tottansfer his/her asséts

The “cognitive aspettconcerns the way people organize their infornratichereas
the” emotional aspettconcerns the way people feel as they register ittiermation
(Shefrin).

“Self-control refers to the capacity of people to control themnotions. The lack, or
perceived lack, of self-control that people tenthidoe is a reason for thdd not dip into your
capital’ heuristic (Shefrin). Indeed, investors are alwhgppier to receive dividends than to
not any, even when the issuance of dividends woatde the most rational decision, on a tax
basis for instance. However, dividends are lab@edncome rather that capital. They are
“framed” as income. Investors feel thus more comatde choosing a portfolio of stocks that
feature high dividends streams. Spending thesdelnds for living expenses without dipping

into their capital respects the general rules fcmntrol that people impose to themselves.

5. Regret & Money illusion
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“Regret is defined as the emotion felt for not having ddhe “right” thing or made
the “right” decision (Shefrin). It is something neothan the sole pain of loss; it is a pain
associated with the feeling of being responsibleitfolt can impact investors’ actions as
people who feel regret with more intensity do navdnan important tendency to like variety,
and thus portfolio diversification. Moreover, inder to diminish regret, some investors tend
to use dividends instead of selling stocks to faeatheir consumption expenditures, which
can leads to keep unprofitable stocks in theirfpbois.

“Money illusiori is another framing aspect that impacts the waypjee consider and
deal with inflation. According to Shefrin, evenpgéople could figure out how to adjust for
inflation, it would still not be a natural way dfitking for them. The normal way of thinking
for most people is in terms of nominal values, \Wmhgsomething that investors still do.

I1l.  Conclusion

To sum up, frame dependency deals with the diffexelbbetween form and substance
(Shefrin). The frame dependency bias holds thatdifferences in form can also become
substantive. It reflects a mix of cognitive and éomal factors. The main emotional issue
affecting investors’ behavior seems to be the Basrsion. People tend to feel loss more
acutely than gain of the same magnitude. Therefmeple tend to frame obscure losses and
engage in hedonic editing in order to diminish plaén. In addition, they tend to feel a pain
even stronger when they feel responsible for i, s sense of responsibility leads to regret.
Framing also help agents to deal with self consslies.

When confronted by these different findings desatiin this chapter - the heuristics and
biases that can impact investors’ rational decismaking process - traditional finance
economists defend that these beliefs do not haee ittpact that behavioral finance
researchers give them. First, they argue thatugiraepetition, people will learn their way
out of these biases and thus that they will natgoeirrent problems. Then, they also state that
experts in a field, and thus professional moneyagars, will be less prone to these biases
and make fewer errors. Finally, the presence of gk incentives will provoke the
disappearance of these effects.

According to behavioral finance researchers, thiesmors pre-cited can effectively
decrease the strength of the biases. However, thdittle evidence that they are powerful

enough wipe them out completely. It is accurate tbpetition can have an effect. However,
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even when one is explained a bias and understgritielie is a good chance that he will still

violate it later on. Concerning expertise, thisdacan be responsible of more overconfidence
from experts than from other investors, espechalten they receive limited feedbacks about
their prediction. Finally, while incentives can uee the biases people display, there is still
“no replicated study has made rationality violatiatisappear by purely raising incentives

(Camerer & Hogart, 1999).

Chapter 3

Study of market inefficiencies: limits to arbitrage

and other anomalies
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In addition to the heuristics and biases we studietthe preceding chapter showing that
the rational investor hypothesis is not represergatf the reality, there are other elements
making behavioral finance researchers discuss theidat Market Hypothesis and some
traditional finance theories.

In this chapter, two main blocks will be presentdte limits to arbitrage theory and
anomalies unexplained by traditional finance thedrge subject of the existing limits to
arbitrage has also been discussed by some traglitforance researchers such as Eugene
Fama. However, this phenomenon had been exhayséxamined by behavioral researchers
in order to contradict the efficient market hypdaise The list of anomalies presented is not
exhaustive but they are representative of the gapational finance models and theories.
Behavioral approaches and models elaborated inrotdesolve or explained these

incoherencies and anomalies will be presented ap€n 4.

I. The limits to arbitrage

1. The theory

One traditional objection from classical financebihavioral finance theories is to say
that, if some investors are irrationals, or les®nal than others, the fully rational agents will
prevent them by their actions to influence secupitiges for a very long period through the
process of arbitrag€’. On the contrary, behavioral finance shows thatdctions of irrational

investors can have a consequent and long term inopgarices.

According to classical finance theory, the priceaaecurity should reflect its fundamental
value. The latest is equal to the discounted sumsaxpected futures cash flows. They are

calculated when investors form accurate expectatiorhile processing all available
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information, concerning the cash flows and the alist rate altogether. One of the
cornerstones of traditional finance is that no steeent strategy can allow the performer to
earn “excess risk-adjusted return”, or an averafierm greater that is warranted for its risk.
Therefore, the No free lunch saying is possible as mispricing cannot persistiee market
without being corrected by the rational agentsy thél quickly undo any deviation caused by
the irrational ones (Friedman, 1953). Friedmarstfated his argument by the fact that if a
share’s price is pushed down, relatively to itsdamental value, then the rational investors,
sensing the opportunity to buy an undervalued stadlk buy it and thus push the price up.
This buying pressure will quickly bring back theash to its fundamental value according to
him. On the contrary, in the case of an overvalsiedk, the selling pressure will push the
price downward to reach its fundamental value ali. Wée main argument is that any
mispricing event represents an attractive investnmgportunity. Therefore, any rational

investor will take advantage of the opportunity &ydhis way correct the mispricing.

On the contrary, behavioral finance argues thatatien from fundamental values can
exist and be persistent, brought about by investodstraders who are not fully rational. One
of main arguments is that correcting the mispriaag be both costly and risky and therefore
trying to take advantage of the opportunity canubattractive. The mispricing could thus
remain unchallenged. Therefore, according to theb&as and Thaler (2003), the “no free
lunch” state of things could be true even in arfficient market. Indeed, it can happen that
there is not enough compensation to take advarghgemispricing opportunity, but it does
not mean that the prices are “right”. As a consagage even if many researchers keep
pointing out the inability of professional moneymagers to beat the market as a proof of its
efficiency, this fact does not tell us if the psoeally reflect the stocks’ fundamental values
(Rubinstein, 2000; Ross, 2001).

2. Fundamental and noise traders’ risks

In order to study the limits to arbitrage, Barbearsd Thaler examined the different
risks and costs that may exist and prevent theesgies designed to eliminate mispricing
events.

First of all, there always is some fundamental tisk the investor needs to deal with.
Indeed, if he decides to buy an undervalued stibeke is still a risk that a bad news will push

the price further down, which would result in ado#s arbitrageurs are rational and well
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aware of this fact, they tend to short a “substitecurity (i.e. a security that is very similar
to the first one, with similar cash flow) are thense time as they buy the first one. The
problem however is that substitutes are rarelygomerand even often highly imperfect. It thus
makes it impossible to remove all fundamental tigknks to this strategy. It can only protect
the arbitrageur to somewhat adverse news abouinthestry as a whole but will left him
vulnerable to more specific news concerning thoslstand its company.

Secondly, the existence of the noise traders resk also cause some limits to
arbitrage. Indeed, there is still a risk that thisprmicing being exploited by the arbitrageurs
can worsen in the short run due to noise traderd,tAus causing them losses. Even if a
perfect substitute security is found, there id stitisk that the security price will go further
down, in the case of an undervalued security. Happens, it can force the arbitrageurs to
liquidate their position earlier than expected (IDag, 1990; Shleifer & Vishny, 1997).

There is also a certain agency feature that needsettaken into consideration as the
professional portfolio managers are not managieg thwn money (the separation of brain
and capital, Shleifer & Vishny, 1997). As the investors omyaluate the manager’s strategy
on his return, he might decide to withdraw his/fiends if the mispricing worsen and
potentially brought losses. The managers will bentbbligated to liquidate their positions
prematurely, which makes their strategies lessiefit in fighting the mispricing. They could
also be obligated to liquidate their positionshé toriginal owner of the borrowed security
shorted wants it back, which would force them tsel up their positions. For all the reasons
above mentioned, the risk existing in correctingpricing could make the arbitrageurs more

cautious when envisaging of taking advantage of it.

3. The implementations costs

Another limit to arbitrage pointed out by the auths represented by the existence of
implementations costs. Indeed, factors like the ro@sion fees, the bid-ask spread or the
price paid for the security could make it lessaative to exploit mispricing events. In
addition to these costs, the short sale constréiatscan exist could also prevent investors to
take advantage of the opportunity, as short selBngften essential in the arbitrage process.
The short selling constraints are represented &ydbs charged for borrowing a stock. These
fees could be expensive, but the problem coulchaedometimes one cannot find a stock to
borrow at any price. In addition, there are legaistraints as short selling is not allowed for

many categories of money managers such as pensids 6r mutual funds.
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The cost linked with finding and learning about espricing, and the cost of the resources
necessary to exploit it can also be added to tlcesstraints (Merton, 1987). Indeed, as
Shiller pointed out in 1984, the cost of findingdalearning about a mispricing could be
consequent as, even with strong noise traders’ démzausing large and persistent

mispricing, it might be generated so little predhitity in return as to be almost undetectable.

4. Effects of implementation costs and noise tradersisks

Moreover, Barberis and Thaler illustrated the latians that can have noise trader risk
and implementation costs on arbitrage. They presethte two following situations:

First of all, if a mispriced security does not hazeclose substitute stock, the
arbitrageur is then exposed to fundamental rishitPage can be limited in this situation if
arbitrageurs are risk adverse. Indeed, fundamestals systematic and cannot be diversified
by taking many such positions. Moreover, if the priing cannot be wiped out by a single
arbitrageur taking large position in mispriced sd#guor by a large number of arbitrageurs
each adding small positions in the mispricing teirtiturrent holdings, arbitrage actions can
also be limited.

Secondly, if a perfect substitute to the stock texéd can be found, and only noise
trader risk remains (i.e. systematic risk wiped)otite first one can still be strong enough to
limit arbitrage (De Long, 1990). Indeed, the aduye can be limited if the arbitrageurs are
risk adverse and have in addition short horizorthéir investments. Actually, the possibility
of early forced liquidations that has been mentibearlier signifies that many arbitrageurs
possess effectively short horizons (Shleifer & Wigh1997). In addition, on the presence of
implementation costs, arbitrageurs might think thet not worth it to intervene and therefore
correct the mispricing. Moreover, there is always possibility that the arbitrageurs prefer to
trade in same sense than the noise traders andwbisen the mispricing. Indeed, this
seemingly irrational behavior from arbitrageurs|dooe caused by the actions of “feedback
traders”. Feedback traders tend to buy more ofsaetaover the current period if it has done
well the past period. Taking this fact into consadi®n, if noise traders push the price of a
security above its fundamental value, the arbiagenight buy it instead of selling it by
anticipating that it will go even higher the followg period. They anticipate that the security
will attract even more feedback traders the folloyviperiod, leading to higher prices, at
which point the arbitrageurs can exit at a pro#spite the different noise traders and

implementation costs mentioned earlier. Hedge fuardsknown for trying to take advantage
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of noise traders. However, firm managers can atgailo some profit from it. Indeed, if they

think that the share’s price of their company isrealued, they can provide some benefits to
their shareholders by issuing some extra sharées¢ attractive prices. Moreover, by issuing
extra shares, the stock price will eventually bshphback to its fundamental value. However,
this action includes its own amount of costs aslsi They are always involved in the share
issuing process in a certain measure (i.e. negesisae or underwriting fees for instance),

and the manager cannot be totally sure that thee slva overvalued. By doing so, he always

risks to deviate from his target capital structure.

5. Evidence of persistent mispricing events

Barberis and Thaler argued that the evidence oflithi#ation of arbitrage is seen
through the presence of some persistent mispriditmwvever, only in a few cases the
presence of these mispricing can be establish withadoubt according to them. This later
fact is an argument of the Efficient Market Hypdtisepartisan, Eugéne Fama, used against
some the results of behavioral finance. Indeed,twkacalls the joint hypothesis probletn
makes it very difficult to provide a definitive eldnce of mispricing and inefficiency. Indeed,
any hypothesis of mispricing and market efficiemyst assume an equilibrium model to
which we can refer to, which would define normaiisay returns. Therefore, if efficiency is
rejected and a mispricing is found, it could bebecause the market is truly inefficient or
because the equilibrium model used is itself immctrr(i.e. improper discount rate for
instance). As a consequence, market efficiencyuaf £annot be totally rejected when
finding a mispricing (Campbell, Lo & MacKinley, 199 Despite these arguments,
researchers found number of financial phenomenahatre almost certainly mispricing and
which show the limits of arbitrage.

To illustrate the effects that can have impleméotacosts on the prevention of
arbitrage, Barberis and Thaler used a study caderped by Thaler and Lamont in 2002
focusing on two shares part of the Internet inqugiccording to this study, implementation
costs had a major role in the mispricing. The evmsisted as investors looking for the
overvalued shares to short were told that theseeshaere not available or were quoted at a
very high borrowing price. The demand for shortihgse shares was so high that there was
no supply to meet the demand, which provoked adition to arbitrage and a persistence of

the mispricing situation.
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6. The index inclusion effect

Another theory presented by the studies of Harri&&el and Shleifer (1986), is the
“index inclusion effett Indeed, when a stock is added to an index,nti$eto jump in price
by an average of 3.5% according to the studiesnaunch of this jump is permanent, without
any change of its fundamental value. For instaiVedoo had a jump of 24% over one day
when it joined the S&P 500. It is thus a clear emick of mispricing as when stocks are
selected by the S&P for inclusion, the analystgasetrying to make the index representative
of the American economy. The index inclusion doet agonvey any information about the
level of riskiness of the firm’s future cash floves,any information about its future prospects.
In these situations, the noise trader risk is sutigtl, and the price can rise even further in the
short run. In addition, there is the hypothesid tha rise is more important for stocks with
the worst substitutes and for which the arbitragec@ss is the riskiest (Wurgler &
Zhuravskaya, 2002). Their study also shows thatait be really difficult to find good
substitute securities for individual stocks, whichn lead to the conclusion that must

securities will know a rise when they are includedn index.

[1. Other anomalies

There are several phenomena inexplicable by thditibmal finance theories in the
behavior of the stock market. Behavioral financeeegchers attempted to understand and

explain them through new theories using cognitisycpology findings.

1. The aggregate market puzzles

The most striking facts about the aggregate stoekket behavior are the equity
premium, the volatility and the predictability plez.
The first one is issued from the observation thate had been historically high excess rate
of return on the aggregate stock market. For imgtaaver the period of 1871 — 1993, it was
found that the average log return on the S&P 508 3v@% higher than on commercial papers
(Campbell & Cochrane, 1999).
The second puzzle consists of the fact that stetlkrms and price-dividend ratios are both

highly variable. Over the same data set and pe@ainpbell and Cochrane found that the
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annual standard deviation of excess log return &® S00 was 18%, while the annual
standard deviation of the log price-dividend ratas 0.27.

The third one consists of the fact that stock rretican be forecasted. Over the period of
1941-1968, it was found that dividend-price raticere able to explain 27% of the variation
of the cumulative stock returns over the subseqgioemtyears (Fama & French, 1988).

These three phenomena are labeled as puzzlesyaaréhleard to rationalized using traditional
finance models. Indeed, according to traditionaneenic models findings, the average log
return on S&P 500 should be only 0.1% instead ef 30©% found; the annual standard
deviation of excess log return on the S&P 500 shbel 12% instead of the 18% result found;
and the price-dividend ratio is supposed to be teoso it could not possess any prediction
power over the variation of cumulative stock return

According to Schiller, it is also very difficult texplain the historical volatility of stock
returns with any model in which investors are miloand discount rates are constants.
Indeed, over the previous decades, economists fhabhgt discount rates were close to
constant over time, implying that the stock mankaatility could only be fully explained by
the irrationality of investors. Nowadays, therarsunderstanding that a rational variation of
discount rate can help explain the volatility pezzHowever, behavioral finance theory
argues that models with the presence of irratitvediefs can also offer a plausible way to
consider the data results.

2. The cross-section of average returns

When a group of stocks, defined by certain chariatites, earns average higher returns
than another, they are known by traditional finatlveorists as “anomalies” because this
phenomenon cannot be explained through the CAPNryhdhere are several anomalies of

this sort found by traditional and behavioral finamesearchers.

Size Premium

Over a stock sample between the period 1963 and, F#na and French found in 1992 than
the average return of the smallest stocks was 03de4nonth higher than the largest ones.
Even if they have a higher beta to compensate kinglrer risk, it is not enough to explain this

difference of returns.
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Long term reversals

Over the period 1926 and 1982, De Bondt and THaland in 1985 that the average annual
return (i.e. average calculated on a three yeas)afloser portfolios was higher than the one

of winner portfolio by approximately 8% per year.

Predictive power of scaled-price ratios

Scaled-price ratios encompass several variablds asidoook-to-market ratio or earning-to-
price ratio. Over the studied period of 1963 anfldl %ama and French found in 1992 that the
average return ofvalue stocKs(i.e. stocks with high book-to-market ratio) wa$3% per
month higher than the average return gfotvth’ or “glamour’ stocks (i.e. stocks with low
book-to-market ratio).This difference is much highigan can possibly be explained by the
difference in beta between two portfolios composepectively of these two kinds of stocks.
When performing the same study with the same sarbptecomparing earning-to-price ratio,

value stocks were still 0.68% per month higheniarage return than growth stocks.

Momentum

The momentum effect is a quite usual phenomenontbhgh asset prices follow a trend for a

long time, creating a growing discrepancy betwdwsirtprices and their fundamental values

until the tendency is reverse.

Jadadeesh and Titman (1993) performed a studynigadi the result that the biggest prior

winners stocks tend to outperform biggest prioefostocks by an average of 10% on an
annual basis. When comparing this study with tseilteobtained by De Bondt and Thaler

previously explained, one can see the importancthefperiod length studied. Indeed, De

Bondt and Thaler used the three-year prior retdionsthe stocks whereas Jadageesh and
Titman used a six-month prior return period. Héne, challenge would be to explain why the

extension of the formation period switches the ltefaund.
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Moreover, there is evidence that tax-loss sellingates some seasonal variation in the
momentum effect. The selling pressure is repredehtethe fact that losers keep loosing
which enhances the momentum effect. On the otha,itae selling pressure eases off at the
turn of the year allowing prior losers to rebount ahus weaken the momentum effect.
Grinblatt and Moskowitz argue in 1999 that tax-lassling can explain a part of the
momentum effect. Indeed, while selling stocks fak tpurpose is rational, a model of
predictable price variation based on this kind ehdvior is not. According to Roll (1983),
investors would need to be very irrational or eVstupid, to not “buy a stock in December if

the prices can be anticipated to go up in Jantiary

Earnings announcements

According to a study performed by Bernard and Tr®ma 989, on average, 60 days after an
announcement, stocks with surprisingly good newpeormed the ones with surprisingly
bad news by an average of 4%. This phenomenon semse the post-earnings
announcement drift However, it cannot be explained by a differencebeta once again.
Similar results were obtained by the research@®B6 while calculating the “surprise” factor

in a different way.

Dividend’s emissions and omissions

The shares of firms that provide dividends to thelvareholders tend to significantly
outperform the market portfolio over one year aftex announcement. On the contrary, the
shares of firms that do not provide dividends teadlargely underperform the market

portfolio over the same period (Michaely, Thaled &domack, 1995).

Stocks’ repurchases

Two different studies were conducted on this toming by lkenberry, Lakonishok and
Vermaelen and one by Mitchell and Stafford bothl895. The first study focused on the
period between 1980 and 1990 and the second opetfied between 1960 and 1993. Both
studies revealed that the shares of a firm whiamdaoted a repurchase operation tend to
outperform a control group of shares with the sam#ize and book-to-market ratio by a

substantial margin over the four following years.

39



Primary and secondary offerings

The average return of shares over the five follgwiears after an issue operation is
significantly below the average return of sharesnfisimilar non issuing firms (Loughran &
Ritter, 1995 — study of the period between 1970 D).

Here, one can attribute importance to cross-sediticorrelation. Indeed, if a firm announces
a repurchase shortly after another one did, its year post event return cannot be considered
as totally independent from the other. A more gelnesncern would bedata mining. If one
lists or ranks stocks in different ways, one istmed to discover cross-sectional differences
in average returns, which makes the results ofethgsidies pretty difficult to appear
independent. However, there are ways to reduceldte mining factor. One can use only
important announcements for the study, and notwbsar one with marginal characteristics
which are more easily affected by other factorghimm market. Moreover, it is also useful to
perform study out of sample tests to see if thelewie found can be replicated in other data

sets.

The Three-factor model

The challenge for traditional finance theoriststds be able to explain cross-sectional
evidences emerging from a model with fully ratiomalestors. As an attempt to do so, French
and Fama elaborated in 1993 thrée-factor modél This model makes a good job at

explaining the average return of formed portfolaséd on size and book-to-market ranking.
The factors used in this model are the return efrttarket portfolio, the return on a portfolio

of small stock/large stocks (size factor) and #teinn on the portfolio of value stocks/growth

stocks (book-to-market factor).

The problem with traditional approach is that ithe weightings or the betas that determine
the average return, but there is not enough emploasihe firm’s characteristics. In his 1997
study, Titman shows that stocks with different wsgor loadings but with same book-to-

market ratio have the same average returns.
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The other problem with the rational approach ig thare is an issue on assessing correctly
the riskiness of stocks. Indeed, the stocks with lbwest book-to-market ratios earn on
average a return below the risk free rate. It iseasy to explain why then a rational investor
would be willing to accept a lower return that abé¢ and safe T-Bond on a risky and volatile

portfolio.

3. Closed-end funds and Commovement

Closed-end funds

A closed-end fund only issues a fixed number ofreshalnvestors can purchase the
shares on the exchange from another investor ataitiregy price. On the contrary, if an
investor wants to buy a share from an open funelfiind will create one and will sell it to
him at the share’s net asset value. Typically,edlesind shares trade at a discount of the net
asset value of 10%. The possible explanation isahavestor needs to make more researches
about them at some costs and there are some halkigs.

Lee, Shleifer and Thaler (1991) performed a stuzyuawhat they called thectosed-
end fund puzzlte They found that the primary owners of closed &mad were noise traders,
who have generally irrational swings in their expions about future revenues. This
phenomenon affects the difference between pricdsnah asset values. Therefore, rational

investors demand compensation for the noise traslerhence the discount.

Commovement

This issue comes from the observation that closedfends’ shares commove very
strongly with one another, and that the class comam@s a whole with small stocks, without
having any obvious explanation for it. Many examptd returns’ commovement can be
explained by the correlation between the securitash flows. However, “twin stocks”,
which have similar cash flows streams but are gt different location commove strongly

with their respective stock exchanges and less @atth other.

According to Lee, Shleifer and Thaler, many investchoose to trade only a part of
all available securities. It induces as a consegaesommon factor between these securities

they are holding, which is especially flagrant whieeir sentiment changes.
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In addition, Barberis and Shleifer (2003) arguedt,thn order to simplify the portfolio
allocation process, many agents start by dividitggks into groups according to certain
categories such as “small-cap stocks”. After thia¢y allocate their available funds across
these categories. However, if the same categoreealso adopted by noise traders, the price
pressure from a possible coordinated demand wileggge some common factors between the
stocks. In the case where an asset is added ttegocyg, it should thus begin to commove

with it a lot more strongly than before.
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Chapter 4

Application of behavioral finance theories

Section I: Some behavioral models

Section Il: Behavioral explanations to financial ammalies
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This chapter aims to introduce some models andoappes attempting to solve or

explain the anomalies studied in the preceding telhap

Section |

Some behavioral models

|. The feedback model

The price to price feedback theory is one of tldest theories on the financial market.
It argues that when speculative prices go up iatee on the meantime success for some
investors but may attract attention and heightepeetation. This phenomenon leads to
further prices’ increase. The feedback keeps gang, if not interrupted, it may produce a
speculative bubble after many rounds. These higleprare however not sustainable on the
long term, as they are this high only because pketations of further price increase. The
bubble will eventually burst and the prices wilash. The feedback that created and sustained
the bubble contained the seeds of its own implosidrerefore, the end of a speculative
bubble event can be unrelated to new informatiauaithe prices’ fundamentals. In the same
way, feedbacks can produce negative bubbles, ogeatidownward price movement. The
pessimistic word of mouth will keep the prices aeit downward trend until they reach an
unsustainably low level.

The feedback model, also known as a “herd behavdr&nomenon, is mostly
behaviorally based and inconsistent with traditidmeance models of rationality. Its origins
came from a long time ago. We can find evidencehef feedback theory in 1637 in an

anonymous description in the middle of thRulipmanid (excerpt published by Shiller in
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2002) and in the description of the same event bgriés Mackay in 1841. More recently,

Schiller published thelfrational exuberance in 2000, at the pick of the internet stock

market bubble. His main argument was that the vadrohouth produced the bubble, which
opened the possibility of downward feedback aftedsand gave dangerous outlooks for the
stocks in the future. An experimental evidencehef feedback theory had been provided by
the psychologists Andreassen and Kraus in 1988y Tdwend that when people were shown
real historical stock prices and invited to opetadele simulations they tended to extrapolate
past prices changes when these prices appearatitite trend from one period to another.
In addition, Smith, Suchonek and Williams (1988¢ated experimental markets in which
bubbles were generated in concordance with thebbesdtheory.

Feedback can produce complicated dynamics and taey be source of apparently
inexplicable phenomenon that we can see in finangiarkets. According to Daniel,
Hirschleifer and Subramayan (1999), people are gitona Self-attribution bias that can
also promote the feedback theory. It representsattenm of human behavior whereby
individuals attribute events that confirm the valicbf their actions to their own high ability

and attribute events that disconfirm their actitmbad luck or sabotage.

I1. A psychologically-based investment model

More recently, Mahmood, Ahmad, Zahidkhan and Anj@2®©11) attempted to
elaborate a psychologically-based investment mwdetder to examine the role of different
socioeconomic, demographic and attitudinal factaffecting investment decisions of
investors in the market place. Their model hasdoal to ‘Uescribe the impact of past
investment experiences, of variation of regulatpojicies and asymmetric information, of
their marital status, gender and sensation seekamgtheir reinvestment intention and their
returns expectations through the mediating roleisk propensity and risk perceptionlo
sum up, the model aims mainly at knowing the medmamnderlying the investors’ behavior
in the stock market and to help understand investmepectations about returns through risk
perception.

1. Foundations and Design
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According to Warneryd (2001), new information i thause of fluctuation of stock
market’s prices. Therefore, changes in investoesigion tend to happen on the basis of their
expectations regarding expected future informatiddifferent types of information act as
“external stimulusfor the investors, due to their power to affdugit investment decisions.
For instance, a variation of regulatory policiea effect their investment strategies. A change
of monetary policy on the exchange rate or on thesrof listed companies has an impact on
agents’ strategies as well. However, the phenomesfoasymmetry of information can
become a problem in a model where information ésdhuse of prices’ fluctuations. Indeed,
due to a lack of proper disclosure of informatiaifi, of it is not always available to all
investors. Therefore, some agents are more inforthed others, which is a cause of
irrational decision making.

Skihin and Pablo (1992) argue that past experiandethe risk perception of investors are
important factors for framing a problem. Perceptadrrisk is defined by the assessment of
risk in an uncertain environment. In these situsjoinvestors tend to develop inferences
about the result of their potential investment bgwing conclusion from those inferences.
Concerning past experiences, they play a role éensétnse that investors who have regular
experiences of investing possess a higher levakkftolerance compared to people who do
not have a comparable experience. According tooCartd Chen (2006), this factor is one of
the reasons of the existence of high risk portfokmd low risk portfolios instead of more
balanced ones. Moreover, Kathleen Byrn (2005) shewdences that the investors’ risk
tolerance increases if they had successful invgg@st experiences, but decreases in the case
of unsuccessful ones. This argument means that sitiyao correlation exists between
investors’ experiences and their risk tolerancellevhis argument is actually in conflict with
Kanhneman and Tversky's Prospect Theory. Indead Ptlospect theory does not cover the
aspect of past investing experiences’ effects turéubehaviors and only admits the effects of
their attitudes towards future gains and losses.

Gender is also an important variable. Indeed, woteed to be more conservative and risk
adverse than men (Fellner & Maciejovsk, 2007). Adoay to Ronay and Kim's study
(2006), attitudes toward risk by the two gendeesthe same at the individual level but at the
group level, male group are found to be more rédtets.

Another aspect to consider is the degree to whicindividual is risk seeking. Eysenck and
Eysenck (1978) argue that in the general life tedding and adverse attitude are parts of the
general traits of an individual's personality. Zeaokan (1983; 1984) confirms this finding

and adds that this sensation-seeking attitude fsawafinancial decision making. Sensation-
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seeking is defined by the consent to accept varigpess of risk for the sake of making new
and complex experiences.

In addition to gender and sensation-seeking pelispiygpes, individuals’ marital status also

plays an important role in determining the agenisk perception. According to Grable’s

study (2000) and Chou and Chang’s study (2010)riethinvestors have less risk perception
as they appear to be more experimented than uredanvestors. Moreover, among married
investors, longer-time married individuals posstss most risk tolerance due generally to

more disposable income.

2. The Proposed Model

Mahmood, Ahmad, Zahidkhan and Anjum choose afsééependent and independent
variables to build their model, based on the figdidescribed above.
The dependent variables chosen are the investairisastment intention and his/her return
expectation. They are set as dependent due toitheartance in stabilizing the stock market.
On the other hand, the independent variables arantrestor’'s experience, the changes of
regulatory policies (about the stock market, thehexge rate or listed companies for
instance), the information asymmetry, the mariti@ltus, the gender and the sensation
seeking/avoiding attitude. Moreover, the reseasctastd two mediating variables to their
model which are risk perception and risk propensityisk tolerance.
The model will function by studying the effect dietindependent variables on the dependent
variable through the mediating effect of the med@variables.The objective of this model is
to present an expanded model which explains tltkepésception characteristics of different

variables and their effect on reinvestment intentiad returns expectations of investors.

3. Model’'s hypothesis

Several hypotheses are meant to be tested thrbiggmodel:

- The first hypothesis is to see if investors’ pasestment experiences and their risk
propensity are positively correlated, and if rigkqeption and risk propensity are
negatively correlated. Indeed, as we have seeieegést experiences are used to

anchor values which can create overly optimisti@siment behavior if the past
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experiences were good ones, and vice and versiaols that past experience and risk
propensity are effectively positively correlatedomtdover, in the case of positive past
experiences, it would provoke an overconfidencthefinvestor, and thus a high
tolerance for risk and the engagement in high riskgstment. Therefore, risk
perception and risk tolerance seem to be negatomtglated as overconfidence tends

to reduce risk perception of investors when thertoice is high, and vice and versa.

The second hypothesis is to see if changes orti@argain regulatory policies relating
to sources of risk (stock markets, exchange ret&ds) and risk perception are
positively correlated. According to the authorsyrsjaneous changes of regulatory
policies affect investors’ risk perception. Thegwe that important or numerous
changes of policies increase investors’ risk peroapwhich shows a positive

correlation between the two variables.

The third hypothesis concerns the possible postireslation between information
symmetry and investors’ risk perception. Informatavailability and symmetry play
an important role in investment decisions. If thisimation about the market and
listing are symmetric, it means that all investoase the same information. If not,
there is a phenomenon of information asymmetry wbmuld increase investors’ risk

perception. This shows the positive correlatiomeen the variables.

The fourth hypothesis is to see whether or not ie@diinvestors have a lower risk
perception than unmarried investors. Accordinghdgtudies we have seen earlier,
married investors believe that they tend to haveerhaowledge about the markets
and life in general. This element tends to makentheore risk tolerant and to have

low risk perception, in addition to the fact thia¢y generally possess more disposable
income. Marital status seems then to have an affecisk perception and tolerance,
and married investors appear to effectively haleer risk perception than

unmarried investors.

The fifth hypothesis concerns sensation seekiriydét and to see if it negatively
correlated to risk perception. Indeed, it appdaas investors with attitude to take on
more risk have the tendency to accept high riskstment opportunities because of

the general traits of their own personality, as parad to some other investors who
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are risk adverse by nature. Therefore, sensatiekirsg or risk seeking attitude,

seems negatively correlated with investors’ riskcpption.

- The sixth hypothesis is related to the risk peiocepdifferences between men and
women investors. Risk perception of men investoupposed to be lower than for

women because men are generally more risk tolerant.

- The seventh and last hypothesis concerns the pegsibitive correlation between
returns expectations and negative reinvestmemsidas. Indeed, if the risk
perception of investors is high, he will expectthrgturns or he will not be willing to

reinvest, and vice versa.

4. Discussion and problems

All the hypotheses and results described earfiempaesented within the model. Risk
perception represents a key role in this model. éi@w, this behavioral model still possesses
some shortcomings. The main one is that it possdgsés in terms of empirical testing.
Even if the hypotheses and solutions used to edddadhe model are based on earlier studies
and tests done by other researchers, the modedali lacks of an empirical feature to test
these hypotheses themselves. It is more a usgftdgentation and gathering of elements that
investment professionals should take into accoumntewperforming investment decisions or
designing portfolios for their clients. Nevertheleshis model illustrates in a pretty clear
fashion the different effects and implications ofre behavioral characteristics of investors
on the financial markets and open the way for neongirical testing that could be done in the

future.
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Section Il.

Behavioral explanations to financial anomalies

. The aggregate stock market : the financial puzzles, behavioral finance

approach

The main issue of this puzzle is that even thougbks appear to be an attractive asset -
they have high average returns and a low covariantte consumption growth — investors
seem unwilling to hold them. It appears that thesndnd a substantial risk premium in order
to hold the market supply.

Behavioral finance considers two approaches togtoblem, both based on preferences: the
Prospect Theory and the ambiguity aversion heariBiwth approaches try to understand why

investors seem fear stocks, leading them to reguimigh equity premium to hold them.

1. The Equity Premium Puzzle

A Prospect theory approach

The Prospect theory argues that when people a@suoigpbetween two gambles, they
compute gains and losses for each one of them laed delect the one with the highest
prospective utility. Therefore, agents might choasportfolio allocation by computing, for
each different allocation, the potential gains #&&bes in the value of their holdings. They
will then take the allocation with the highest grestive utility. As a consequence, a person
that monitors his/her portfolio regularly, on daldgsis for instance, may contract an aversion
for stocks. Indeed, as stocks go up and down glllalag, the loss factor is more salient. On

the contrary, a person who monitors only once geade will probably not contract any loss
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aversion. In reality, stocks offer a small risklo§ing money at a 10 year-horizon, which
makes the loss impact a lot less important.

In 1995, Benartzi and Thaler studied how investoith prospect theory type prefer
allocating their financial wealth between T-Billacathe stock market. They evaluated how
often investors would have to evaluate their ptidfan order to make them roughly
indifferent between investing in stocks or in banblsanother way, how often they would
need to evaluate their gains and losses and stiflahisfied in holding stockst. According to
their experiment, investors would need to monikairt portfolio only once a year in order to
become indifferent. The experiment also showed tti@tvay people tend to frame gains and
losses is plausibly influenced by the way the infation is presented to them, confirming the
“problem descriptiohheuristic. When monitoring their financial wealthore than once a
year, a combination of a loss aversion feeling drefuent evaluations provokes a
phenomenon of myopic loss aversidnaccording to Benartzi and Thaler. However, this
explanation is only a suggestive one based on lhaah\principles to the equity premium
puzzle.

Barberis, Huang and Santos were the first onedtéonat to build a solution into a
dynamic equilibrium model of stock return in 2001 order to solve the equity premium
puzzle. In this model, the investors get utilitprfr consumption and from changes in the
value of their holdings of risky assets in betw@eoertain period of time. The researchers
show that loss aversion can provide a partial exilan of the high price-dividend ratio on
the aggregate market. However, this factor depéedsily on the importance of the second
source of utility, the utility from changes of thalue of their risky asset holdings. The results
show that the psychological pain of losing an anbtooh $100 in the stock market is
approximately equals to the consumption-related pahaving to consume $100 less.
Moreover, the studies assume that investors amepimnarrow framing. They get utility for
changes in the value of one specific componentheir ttotal wealth: financial wealth for
Benartzi and Thaler, and stock holdings for BaheHuang and Santos. And even if
investors have long term investment horizons, tvdly still evaluate their portfolio on an
annual basis. Barberis, Huang and Santos expladdition the possibility of cross-sectional
narrow framing that can be motivated for severatoms. Narrow framing in a cross-sectional
context means that investors make each tradingsidecin isolation and are unable or
unwilling to aggregate gains and losses of indigldstocks in their portfolio (Kumar & Lim,
2008). As a consequence, they can feel regret fromconsumption, which represents the

pain felt when one realizes that he could wouldehlawen better off if he had not perform a
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certain action or taken a certain decision in thstpAs a consequence, if the stock holdings
fall in value, the investors may regret the spedfcision they made to invest in stocks. Such
feelings are captured by defining utility direclilyked over the changes in financial wealth or
in value of holdings.

Another scenario would occur when investors arai@fiof a decrease of their
consumption below their habit level. The right thito do would be to consider a stock
market investment as a merger of the stock margketwith other pre-existing risks such as
labor income risk, to see if the additional risktbé investment is worthwhile. They could
then compute the likelihood of their consumptiovelefalling below habit according to this
new situation. However, as it is pretty complex&sform, they might just focus on the gains
and losses in the stock market alone instead cfidenng the total wealth situation.

An Ambiquity Aversion approach

As we have seen before, there is evidence thatl@elglike ambiguity or situation
where they are not sure of what the probabilitytridistion of a gamble is. Ambiguity
aversion is particularly relevant for finance awestors are often uncertain about the
distribution of stock returns.

When faced to ambiguity, people tend to considamge of possible probability distributions
and act to maximize the minimum expected utilitgenany of these candidate distribution
(Camerer & Weber, 1992). The agents always tryuard themselves against worst case
scenarios. According to Anderson, Hansen and Sgrtpenambiguity aversion and minimum
expected utility maximization framework can be usedpricing problems and portfolio
choices. Maenhout, in 1999, tries to apply thisneavork to the equity premium puzzle,
assuming that the fear of misspecification of thiebpbility distribution lead to ask for
substantially higher premium. However, he adds tha¢xplain the 3.9% equity premium
mentioned earlier, there will be a need of an wwerable high concern about
misspecification. Therefore, ambiguity aversionoisly a partial solution to the equity

premium puzzle.

2. The Volatility puzzle, a behavioral approah

The puzzle represents the fact that the volatdityeturns appears to be higher than the

volatility of dividends’ growth. According to thational approach, the gap should be made
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up for by introducing a variation in the price-dlend ratio. Campbell and Shiller show in
1988 two reasons why the price-dividend ratio cavenaround, by using a version of the
Present Value formula. The two reasons are thegthgrexpectation of future dividend
growth and the changing discount rate. Both phemanwuld be a cause for moving the
ratio. The discount rate in turn can change becatisbanging expectation of the future risk
free rate, changing forecast of risk or changisl aversion sentiment.

Behavioral finance lead two different approacheshid problem, one through the beliefs
system of investors and the other one using predee in order to find a solution to the

puzzle.

A Beliefs approach

This approach examines the possibility that inusshelieve that the mean dividend
growth rate is more variable than it actually ishéM they see a surge in dividends, they tend
to be too quick to believe that the mean dividenowgh rate has increased as well. Their
exuberance can have the consequence of pushires picrelatively to the dividend, adding
volatility of returns. The version of representatess calledlaw of small numbefscan help
explain this phenomenon. This law shows a situatibereby people expect that even small
samples reflect the properties of the whole papamulation. In this case, if investors see
many periods of good earnings/dividends, they tendbelieve that the overall earnings’
growth has gone up and that it will continue tchiggh in the future.

Overconfidence about private information is anottaetor playing in this situation. People
tend to overestimate the information they gathdrnethemselves. They put too much weight
on it relatively to prior opinion they could havad) based on publicly available information.
If the private information is “positive”, the inviess will act in a way that prices will be

pushed too high relatively to dividends, which whlus add volatility. Another factor that can
play in this increased volatility is the extrap@atof past returns by investors.

Fisher's 1928 money illusion theory can also beemaknto account in this belief
approach. Money illusion phenomenon is present wieople confound real and nominal
values. Fitter and War (2002) argue that part efutariation of the price-dividend ratio and
stock return may be due to the fact that investoirs real and nominal quantities when
forecasting future cash flow, and thus fundamesttadk values. Indeed, the value of the stock

market is determined by the discounted real cashsflat real rate, or by discounted nominal
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cash flows at nominal rate. It makes a differengafahe inflation rate goes up, the nominal
rate will go up as well. If investors make a migtand discount real cash flows at nominal
rate, they take the risk to discount them at admghte that it should be. This kind of mistake
could cause an excess variation of the price-dndd@tio and return. This factor is important
in order to understand the low market valuationirdutigh inflation period (1970’s for

instance) and high valuation over low inflationipdr(in the 1990’s).

A Preferences approach

Benartzi, Huang and Santos (2001) show some expetah evidence about the
dynamic aspects of loss aversion. They suggestltisat aversion is not the same in all
circumstances but that it depends on prior gaimslasses. According to Thaler and Johnson
study (1990), people tend to make gamble they waoltnally do not after previous gains,
and they do not make gamble they would normallyafter previous losses. Théduse
money effettreflects the first one, the gambler’s increasimgjingness to bet when he is
ahead. The authors interpret it by the fact thedds are less painful after prior gains; they are
cushioned. However, after being burnt a first titey are not willing to endure the pain of
another setback. This model can actually help @xpke volatility puzzle. When some good
cash news occur they push the stock market upyajeme prior gains for investors. In return,
the investors become less scared of stocks. Theydiscount future cash flows at a lower
rate (they make less conservative assumption),ipgighe price up and as a consequence

adding volatility.

[I. The Cross-section of average return

1. Belief-based Models

Belief-based models try to explain anomalies usiognmon beliefs and biases that were
mentioned eatrlier in this paper.
According to Barberis, Shleifer and Vishny (1998)uch of the above evidences and
anomalies is the result of systematic errors timaestors make when they use public
information to form expectations on a stock’s feteash flows. Therefore, they attempted to

construct a model with two updating biases: corstesmm and representativeness.
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Conservatism represents the tendency to underwamghtinformation relative to the prior
ones the investors got. Here, representativenessosily assimilated to thddw of small
numbers. The authors explain that, when a firm annourseprisingly good earnings, the
conservatism bias enters in action causing invegtoreact insufficiently to the news. As a
consequence, they are pushing the price up tde. lifthe subsequent return will thus be
higher than the average. This situation will thgrgbnerate post-earnings announcement drift
and momentum. On the other hand, after a seriegoofl earnings announcements, the
representativeness bias occurs. The investorsttepdsh the prices too high, thinking that
the average return had gone up through the uskeedfatv of small numbers. Therefore, the
subsequent returns are low on average as the angesere to optimistic. It generates long-
term reversals and scaled-price ratio effects.

Another study performed by Daniel, Hirshleifer aBdbrahmanyan (1998; 2001)
stresses the biases existing when investors iefpivate rather than public information.
Indeed, people tend to be overconfident about mfi@mation they gathered through their
own researches. This fact tends to push pricesoapfdar relatively to fundament values.
Future public information will slowly pull back thgrices and thus will generate long-term
reversals and scaled-price effects. The self-atinb bias is also important to take into
account. Indeed, the public news that confirmsinkiestors own researches strongly increase
the level of confidence he has on the researchth®mrontrary, disconfirming public news is
given less attention and the investor’'s confidemtéis own researches remains the same. As
a consequence, the initial overconfidence feelsngenerally followed by a greater level of
overconfidence which will generate momentum.

Another study led by Chopra, Lakonishok and Ri{@992) shows evidence that
investors tend to make irrational forecasts of lstbéuture cash flows. According to Hong
and Stein (1999), momentum is in part due to atialnunder-reaction of the investors,
followed by a correction. The diffusion of privatdormation particularly slow among small
firms and firms with low analyst coverage contrdgmitto this phenomenon (Hong, Lim &
Stein, 2000). Indeed, with firms with low coveragegmentum is almost entirely driven by

prior losers which keep losing.

2. Belief-based models with institutional frictions

Institutional frictions are defined by the shortesaonstraints. It includes direct cost of

shorting (lending fees), the risk that the loan wé recalled by the lender at an inopportune
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moment, and legal restrictions (existence of adaagount of mutual funds which are not
allowed to short).

According to Thaler and Barberis, when investoftedin their beliefs, the existence of short
sale constraints can generate some deviationsfirodamental values. It explains why stocks
with high price-earnings ratio earn lower averagjems. Bullish investors take long positions
and bearish investors want to short but sometim@sa because of the constraints.
Therefore, the prices may only reflect the opinainthe most bullish/optimistic investors.
They are generally too high, which will generatevéo future returns (Miller, 1977). The
short sale constraints also encourage the useeclilgtion-based mechanism where investors
attempt to buy stocks for more than their fundamewlues in the hope to sell them at an
even higher price. This situation encourages dewiat above fundamentals and the
generation of lower future returns. This shows ttacks on which investors disagree the

most will have higher price-earnings ratio and losgbsequent returns.

3. Preferences

Investors are loss averse over individual stockttlations. The pain of loss on some
specific stocks depends on this very same stodkpeaformance. If investors cause the prices
to deviate away form their fundamental values, rgare may try to time and follow these
cycles. They will issue equity when they feel thihe shares are overpriced and will
repurchase them when they feel they are relativlegap. Therefore, equity issuances will be

indeed followed by low returns and repurchasesaimars will be followed by high returns.

[1l. Investor Behavior anomalies

Behavioral finance had known some success in exptahow certain groups of investors
behave, what kind of portfolio they are likely tboose and how they are used to trade over
time. However, explaining actions of investing does mean necessarily claiming that these
actions affect market prices. There are two factdrgmportance that we need to consider
some characteristics of investors’ behavior. Fitst, overall cost of entering the market went
down. As a consequence, the number of individualesting in equities went significantly
up. Secondly, individuals are more and more resptanfr their own financial well-being in

retirement, which also encourage individuals’ irtmeants.
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1. Diversification issues

Insufficient diversification

The first known cause for insufficient diversifizat is the home biaseffect. Indeed,
French and Porterba (1991) show that national tovedave a strong tendency to invest in
national companies. For instance, 94% for the dn8&ates, 98% for Japan and 82% in the
United Kingdom of overall equity investment are maa domestic equities. Grinblatt (2001)
found the same fact in a study of the Finnish mankdere most equity investments are
national but also close to home. The same is repted by a study of allocation of 401(k) by
employees. They tend to have a strong bias towardng their own company. In the United
States, 30% of employees’ allocations are investemployer stocks in average.

Ambiguity and preference for familiarity are twongile factors that can help
understanding the different examples of insuffitidiversification. First, the investor's own
company or national stocks are more familiar to tnpesple. They seem thus more appealing
to most investors. Secondly, investors try to avioidesting in ambiguous assets. It can
provoke home bias but not necessarily. Thirdly, skarch for information can be another
reason. It is easier, less costly and less timswoimg to make researches about local firms

than about other national or foreign firms.

Naive diversification

Benartzi and Thaler (2001) argue that when peogpldidgersify, they do it in a naive
fashion. They often adopt a simple strategy likeidiing their available income equally

among all the propositions they have. This phenames called the “1/n heuristic”.

2. Trading issues

Excessive trading
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According to rational models, there should be vhitfe trading in the markets.
However, the volume of trading on the world’s st&dchange is very high. Individuals and
institutions seem to be trading more than can b&figd by traditional financial theories.

Barber and Odean (2000) argue that investors waalld lot better in average return if
they were trading less. They say that underperfoomas largely due to transaction costs.
There is in addition evidence of poor security sib&. Moreover, people who trade the most
earn by far the lowest average return accordinghtr study. There is also a marked
difference between men and women. Women are tradisg) in average and earn thus a
higher average return. Behavioral finance expldlis phenomenon by the presence of
overconfidence. Agents tend to think that the imfation they have is strong and reliable
enough to justify a trade whereas it is often tamakv Barber and Odean (2002) also argue
that the switch from phone based trading to ontrading increase this overconfident state.

Internet provides greater information and greatertrol.

Selling decision

Investors tend to be reluctant to sale assetsmilyrgading at a loss relatively to the
purchasing price. This factor is called thdisposition effe¢t(Shefrin & Statman, 1985).
They are thus more likely to sell stocks that haetatively gone up. However, tax
considerations would point on the selling of losess of winners.

Grinblatt and Han (2001) argue that this dispositeffect creates a momentum in stock
returns. Investors will be willing to sell a stoskich has earned them capital gains on paper.
The subsequent selling pressure will contribut@ trop in price and thus to higher future
returns. On the contrary, if the stock is a losevestors will demand a price premium in
order to sell it, according to the disposition etfeThe price of this security will be thus

inflated which will provoke lower returns.

Buying decision

According to Odean (1999), investors split evehlgitt resources when they choose to
buy between big prior winners and big prior losditsese results concerning stock purchases
are part due to anattention effe¢t Investors tend to buy stocks that have caugbirth

attention, which often occurs when there was ex¢rgrast good or bad performance. The
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difference between selling and buying decisiongh& there are limits concerning selling.
Investors can indeed only sell stocks they own beeaf the short selling constraints. There
are on the contrary a way larger set of possiéditior buying. The main attention facts
playing a role in influencing buying decision aigthtrading volume, high or low returns and

new announcements.

V. Corporate finance anomalies: a behavioral approach

1. Security issuance, capital structure and investment

Behavioral finance tries to see if irrational intes’ behavior affects the financing
and investment of a firm. The main question is hmtional managers, interested in
maximizing the firm’s fundamental value, should iactace of irrational investors actions.

In 1996, Shein argues that, when a firm’s stockepis too high, rational manager
should issue supplementary shares in order to dakentage of the investors’ apparent
exuberance. On the contrary, when the stock’s psiteo low, the manager should undertake
an operation of repurchasing. This strategy isedadl ‘market timing view on issuance.

There is evidence on the aggregate market levelstiare of new equity issues among total
new issues is higher when the overall stock masketore highly valued. This “equity share”
factor is also an indicator of future stock revenas the issue allows the stock’s price to go
back to its normal level.

At the individual firm level, the book-to-marketti@ is a good cross-sectional
predictor of new equity issuance. If the firm h&s stock highly valuated, it should issue
more. On the contrary, if the ratio is low, it skibvepurchase. There is some success of the
market timing framework in predicting patterns sguance. This framework could also be the
basis for a successful theory of capital structase a firm’s capital structure can be
represented by the cumulative financial decisioag@mvertime by the firm.

Irrational investors’ sentiment affects financingctsions but should not affect firm’s
investment plans. However, sentiment might affegestment after all. Indeed, the argument
made above is accurate only for non equity depdnttems, meaning firms that do not need
equity markets to finance their marginal investreefor equity dependent firms, excessive
investors’ pessimism may distort investment plaliben they are too pessimistic, the firm
may have to forgo attractive investment opportesitbecause it would be too costly to

finance them with an undervalued equity and advenseket sentiment. However, when
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investors are overly optimistic, by refusing to reakvestment perceived as profitable by the
market, the firm takes the risk that this actioll depress the stock.

In addition, even if the firm’s manager is ratignaldoes not necessarily mean that he
will make the appropriate decision. Indeed, he mighwilling to maximize other objectives
such as the firm’'s size, in order to increase tbmpmany’s prestige. He might thus make
exuberant investments as a cover to do negative M\pire building” projects. Polk and
Sapienza (2001) provide evidence of investmenbdish. Overvalued firms tend to have
high accruals (earnings — cash flows) in additmmssue more equity. They tend to earn low
returns but they still have an overall investmestivity higher than others, which means that
sentiment does influence investment decisions.rdtedy shows that for some firms at least,

sentiment may distort investment and it does maimgugh the equity dependence channel.

2. Dividends

Stockholders who pay taxes would always prefer thatfirm repurchases shares
instead of paying them a dividend. Therefore, whyestors seem happy to receive a
substantial part of their returns in form of dividis? And why do firms choose to frame part
of their returns as an explicit payment to stockbod and apparently make some of their
stockholders worst off?

Shefrin and Statman (1984) argue that this obvipteference for dividend is
representative of the notion o$élf-control. Indeed, agents tend to themselves set rules in
order to deal with their self-control issues. Theéyws make rule in to prevent an
overconsumption of their wealth. And the rule iseofto ‘only consume the dividend but to
no touch the capitél Therefore, people may prefer dividends becatibelps them surmount
their self-control problems through the creationralies as simple as this one. The second
hypothesis is based on Thalertméntal accountirgnotion. With explicit dividend payment,
the firms make it easier for their investors toreggte gains from losses and hence to
increase their personal utility from their investiheShefrin and Statman argue that by paying
a dividend, the firm helps investors avoiding régvehich is generally stronger for errors of

commission that for the ones of omission.

3. Models of managerial irrationality
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The *hubris hypothesisrepresents the fact that managers can be tok qoiaunch a
bid on a company if they are overconfident in theusacy of their analysis about its value. It
leads to excessive takeover activity. The predicod the hubris hypothesis is that the total
combined gain to the bidder and the target willzeeo. The announcement of the bid will
provoke the increase in price and value of theetargut the bidder will fall of the similar
amount.

Heaton (2002) analyzes the consequences of maahggtimism. He attempts to
explain by it pecking order rules for capital sture. Indeed, when managers are optimistic
relative to the capital market, he believes thatfthm’s equity is undervalued. Therefore, he
is reluctant to issue unless he has no other chaditamagerial optimism can also help
explaining the correlation between investment aghdlows. When the cash flows are low,
there is a reluctance to use external marketsfiaa@acing mean. Therefore, the firm tends to

forgo an unusually large number of projects andebese its investments.
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Chapter 5

The Case of Portfolio Management

Section I: The Black-Litterman model of Portfolio Management

Section II: The Case of Low Volatility Portfolio

62



The objective of this chapter is to introduce amgbly the main behavioral finance
concepts and theories we already explored to nmrerete areas.

The first part consists of a study of portfolio ragement models, principally of the
traditional finance Markowitz model and the Blacitttrman model. The Black-Litterman
model, created from the Markowitz framework, usesa behavioral finance concepts. The
goal of the study would be to determine what aeediiferences occurring when using one
instead of the other in the context of portfolicagsets management.

The second part’s objective would be to present exulain, thanks to behavioral
finance concepts, a practical market anomaly wti¢he success of low volatility portfolio.

Section |

The Black-Litterman model of portfolio management

|. Presentation of the Markowitz model

a. Framework

In 1952 Markowitz published his researdpoftfolio selectioft which constitutes the

origins of modern portfolio theory. According to Mawitz, it is not enough to consider the
characteristics of individual assets when buildingortfolio of financial securities. Indeed,
the investor should take into account the co-movenoé the assets with each other. This
aspect is captured by the covariance of the adédlsey consider the covariance, investors
could construct a portfolio that generates highgreeted returns with a same level of risk, or

even lower, than a portfolio that ignores the coremoent of its assets’ returns. Therefore,
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within the Markowitz model, the risk is assessedtlas variance of the portfolio, which
depends on the variance of its assets and theari@oce with one another.

The Markowitz model, or “mean-variance model”, ddoges the basis from which
much researches within portfolio theory is perfodm&he model is a single period portfolio-
building and decision-making technique that assuthes at least one of the two basic
assumptions are true: first, that asset returnsmané-normally distributed, and second that
economic agents have Von Neuman-Morgenstern quedrality function (increasing and
concave. Markowitz showed that investors, undesdhand other assumptions (such as
perfect asset divisibility and absence of restritdi for short sale), can build a portfolio that
maximizes their expected return given a specifeactll of risk, or on the contrary minimize
the risk given for a certain level of expected meturhe objective of this initiative according
to Sharpe (1967) isnbt to explain how people select portfolio but hiney should select
them.

The inputs needed to use the model and createtamabportfolio are the expected returns of
the each asset, the variances for all the assedtsh@ncovariance between every asset. The
model focuses exclusively on risk and returns;sgusnes that investors are looking for as

high future expected returns as possible but vaghldwest possible risk.

b. Issues of the Markowitz model

There are several researchers that discussedhtitca@mings of the Markowitz

model. For instance, Michaud published in 198h¢ Markowitz optimization enigma: is

“optimized” optimal?”, exposing of its issues. His study discusses thaetipal problems

encountered when using the model. The author cthitimat it often led to irrelevant optimal
portfolios. Some other studies also have showndhiah portfolios with equal weighting of
the assets can sometimes be superior in termsskfamnd returns to Markowitz optimal
portfolios.

There are five main problems concerning the usaeMarkowitz model according to
most researches on the subject.
First of all, according to Michaud, Black and Littean (1990), the model has the tendency to
maximize errors. To their opinion, since there moecorrect and exact estimation of either
expected returns or variances and covariance, tinpsgs are subject to estimation errors.
The model tends to overweight securities with legphected returns and negative correlation,
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and it tends to underweight those with low expectetirns and positive correlation.
However, according to Michaud, these securitiespaeeisely the ones the most prone to be
subject to large estimation errors.

Secondly, the habit of using historical data todoie a mean return and replace the expected
return by this mean return is not an accurate ntetiarording to Michaud. The researcher
claimed that this conduct contributes importandyntaximize errors within the Markowitz
framework. Although Markowitz has not prescribed garticular procedure for estimating
expected returns and variances, the use of hiataata is common among practitioners.

The third issue concerns the fact that the modelsdwot account for the assets’ market
capitalization weights. It implies that if assetghwlow level of capital have high expected
returns and are negatively correlated to othertaseethe portfolio, the model can possibly
suggests a high portfolio weight for these as3éts fact constitutes a problem, especially in
presence of shorting constraints that can provokallsstocks’ prices to deviate from their
fundamental values for a long period, as we haea ge the preceding chapters. Practically,
the model actually often suggests very high weightssets with low level of capital and that
can be highly over or under valued relatively teitfiundamental values.

The fourth issue is that the model does not makeddferentiation between divergent levels
of uncertainty associated with the estimated inpgtd in the model. This is actually one of
the main interesting additions made by the Bladkekman model in order to take into
account the fact that the inputs are mainly estgiaand thus are not a hundred percents
accurate.

The fifth issue concerns the fact that the modehweto be particularly unstable. Indeed, a
slight change in the inputs could completely chatige portfolio assets’ allocation (Fisher
and Statman, 1997). The model is especially unstadative to the expected returns inputs.
A small change in expected returns on one of tisetagnight generate a radically different
portfolio. This is an important issue as we haweady seen that the expected returns are
usually estimations based on the mean of histodatd. As it is not an accurate input, errors
can happen and thus produce a suboptimal portfolio.

One of the most striking empirical problems in aiddi of these five issues concerns
the possible negative weighting. Indeed, when moptihe model without constraint, it almost
always recommends portfolios with large negativeghts in several assets according to a
study of Black and Litterman (1992). Fund and midf managers are most of the time
forbidden to take short position as we have seemiqusly. Therefore, shorting constraints

are often added to the model. As a consequencejaldel gives a solution with 0% weight in
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many of the assets and take large positions in antgw other assets. The large weights
proposed in some assets are often unreasonable.

We can add to this aspect that the Markowitz maaglies heavy calculations. Indeed, a
portfolio of 50 assets will need to calculate 5(eaoted returns, 50 variances but 1225
covariance. With that many calculation based omeases, the risk of error is relatively high
and increases with the number of assets withinrthghio. As the approximations about future
returns and risk are quite uncertain, and thatcti@ce that it is absolutely correct is low, it
seems reasonable that investors would wish to inmes portfolio that would not be a total
disaster in case of an incorrect estimation.

Therefore, all these disadvantages in using thekdwatz model constitute some of the
reasons why fund and portfolio managers would motnclined to use the model, and why
Black and Litterman attempted to elaborate anotimer that would mitigate these problems.
Indeed, the concept of maximizing returns, minimgzrisk or having an optimal trade off
between risk and expected return is so appealirg the search for better behaved

frameworks such as the BL model had been encouraged

[I. The Black-Litterman model

The Black-Litterman model (BL model) consists ofirmancial portfolio model using a
mathematical and a behavioral approach. As a coeseg of using behavioral finance
concepts, the BL model can appear more intuitivieibal managers than portfolios generated
by the traditional Markowitz model.

According to behavioral finance, the actual utifiiyction of investors is reference-based.
An investor will estimate gains and losses in refato a benchmark. Therefore, a point of
reference, represented by a benchmark portfoliaysed in the BL model to evaluate the
performance of the manager.

Another feature of the model is that the investor attribute confidence levels to each of the
assets constituting the portfolio in the form ohfidence intervals. However, as behavioral
finance shows that people tend to be poorly caldoravhen it comes to estimates, this aspect
could pose some issues to the accuracy of the rsadslilts.

The BL model encountered success in the praciicahfe industry as it is considered
as a key tool in the investment management division assket allocation processat
Goldman Sachs (Litterman, 2006). Black and Littermeere indeed formerly part of this
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institution. Black and Litterman published in 198®ir research entitledGlobal portfolio

optimizatiori which constitutes a central contribution to thkaberation of the model.
However, even if the theoretical project seems alpg its practical use is often
problematic. As the model demands to take actiased on judgments and estimates, it

seems reasonable to search for explanations an@leevents in the behavioral finance field.

This section will introduce the Black-Litterman nebdalong with the main theoretical
differences that it has with the traditional Marktavmodel. Then an application to a real
portfolio example will be presented in order toslirate these differences in practice and what

using one or the other model could imply for theestor or manager.

a. Framework

The Black-Litterman model is constructed from tharkbwitz model as a starting
point and it aims at handling some of the practipabblems it poses to financial
professionals. Therefore, it is not a completelywmaodel. It is mainly different from the
Markowitz framework with respect to the expectetlimes calculation. Nevertheless, the BL
model generates portfolios totally different froine tMarkowitz ones.

The optimization in the BL model starts from an iélqium portfolio, often referred
as the “benchmark weights” of the assets consigutine portfolio. Some adjustments from
this equilibrium portfolio are then taken on theets’ weights. The model, on the contrary of
the Markowitz model, takes into consideration thaerket capitalization weights of the asset
within the portfolio. In addition, the investorssag views to each one of them, and to each
view he attributes a level of confidence showingvltemnfident he is on the accuracy of his
view. Therefore, the level of confidence affectsvhmuch the weight of that particular asset
in the BL portfolio will be different form the welng of the equilibrium portfolio.

There are two types of market views: “absolute” &ethtive”. Within each view, the
investor needs to specify a confidence level shgwiow certain they feel about the accuracy
of their views. Then, the views are combined witke tequilibrium returns and the
combination of these factors constitutes the BLeexgd returns for each assets. These returns
are then optimized in a mean variance way, creatipgrtfolio where the gamble is taken on
the assets on which the investors have opinionsutahdure expected returns but not
elsewhere. The size or the importance of the ganbétatively to the equilibrium portfolio

weights, depends on the confidence level deterntaydtie user.
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b. Equilibrium

Litterman determines the equilibrium as an idealistate in which supply equals
demand. It never occurs in real financial markets e argues that there are a number of
attractive characteristics about the concept. Auildgium, “natural forces” or the
arbitrageurs act in order to eliminate deviatioonirthe state. There is thus a tendency that
mispricing will be corrected. Movements are alsoden@n order to take advantage of the
deviations. Therefore, there are actual forcesghbah toward that idealized equilibrium state.
It is thus used a reference as a kind of ideal it@ndfor the model. As a consequence, in
order to apply the model to real practical investtratuations, a reasonable approximation of
this equilibrium state needs to be made. Howevgpses some problems to use equilibrium
weights as reference. Indeed, as this state iposgibly observable it has to be estimated.
The solution would be to use a benchmark portfaléthe equilibrium portfolio such a
capitalization weighted index. Within their mod@lack and Litterman use the market
portfolio as representing the equilibrium stater th@ example that we are going to present,
the index used will be the S&P 500.

c. Investors’ views and levels of confidence

Investors can express both relative and absolet@sy which is an aspect that is not
considered within the Markowitz framework. The dbs® view specifies a precise
percentage return that they believe a certain agifigbrovide (i.e. asset 1 will have a return
of x %). The relative view compares one asset tihaar (i.e. asset 1 will have a yield higher
than asset 2 by x %).

After expressing their views on each asset, thigijpate them a certain level of confidence. It
represents the standard deviation around the eegbeeturn on the view. If the investor is
confident on the accuracy of his view, the standgdation should be small and vice versa if
he is less confident. The weaker the confidenae |@bst the view can affect the portfolio’s
weights. It represents an attractive feature ofrtielel as the views are most of the time
erroneous. The views indicate on which assetsrhestor wants to take bets and on which
direction the gambles are going. After setting lup views and their levels of confidence, we

need to combine them with the equilibrium expecetdrns determined previously.
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[1l. Behavioral finance and the Black-Litterman model

a. The effects of loss aversion

The Black-Litterman model is a mathematical modd ib requires people to make
estimations and judgments. Therefore, it is usiefonsider the behavior of the people using
the model and the context in which it is used.

The behavioral finance’s researches concerningglortmodels focus mainly on how
private investors invest and manage their own abf8heffrin and Statman, 1997). As we
have seen previously, the utility function in beloaal finance implies that investors are
prone to loss aversion. It means that individua¢ésresk adverse in the domain of gains but
risk seeking in the domain of losses. However,ralfar portfolio manager rates his success
relatively to a benchmark or a reference and nbt considering losses and gains. Even if he
encountered losses but his strategy outperformedbénchmark, he will not experiment pain
from the loss, or at least to a much lesser extent.

Loss aversion has lots of consequence in the doafgartfolio management. Thatatus
quo bias” and the eéndowment effettare two of them. First, as a consequence of loss
aversion, individuals have a strong tendency toaremat status quo as the disadvantages of
leaving it appear larger that the advantages (Khe& Sinden, 1984). Secondly, the
endowment effect represents the fact that, oncersop comes to posses a commodity or a
financial asset, he or she will tend to value irentihan previously (Robin, 1996). In addition,
the *herd behaviot phenomenon is also source of issues. It happdmnveach decision
maker considers first the decisions made by otkerstbn-makers before making their own
decisions. This tendency encourages passive ineestratrategies, which tend to be
underperforming according to Shleifer (2000).

Since managers are often evaluated relatively toefarence point, they would
probably appreciate working with a model takings ttéference into consideration. Moreover,
if they are status quo biased like most peoplepricg to behavioral finance theories, they
would probably be more comfortable working witham of reference as they are willing to
avoid regret. As a consequence of loss aversi@ttsifthe expected return in relation to the
risk might not always be high enough for investorsisk leaving the status quo, leaving the
herd, falling behind the benchmark and feeling eegiherefore, as deviations from the
reference generate generally anxiety, it explaihg fund and portfolio managers tend to stay
close to the benchmark weights.
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b. The Black-Litterman model and the overconfidence kas

As we have seen previously, when estimating prtibab, people have the tendency
to exceed or to be below the accurate range. Tte&y, make judgments based on these
estimates that are said to be overconfident. Petgyld to overweight information that
captures attention and stands out (Kanheman & Kyel®973). Moreover, the overconfident
investor trade a lot more than the rational onede@d, 1998). People tend to be more prone
to overconfidence when judging the precision ofirtleevn knowledge or when performing
very difficult tasks such as trading. Novice inwegstare also more overconfidence than
experienced ones in their beliefs that they cart ttesamarket. In addition, investors might
overweight domestic assets in their portfolio beeatiney feel more comfortable and familiar
with them than with foreign assets. They also haeee information, or they can get it more
easily, information that they tend to exaggerate.

Overconfidence has implication on the BL modepeesally on the attribution of the
levels of confidence on the views given to the &ssdedeed, the estimation of future expected
returns constitutes a very difficult task. Therefoaccording to behavioral finance theories,
the completion of this complex task can lead irdinals to be overconfident in the process.

Conclusion: the contributions and omissions of behaoral finance to the Black-

Litterman model

According to behavioral finance, investors arengréo loss aversion and its effects,
and have difficulty in estimating their levels afrdidence accurately. Hence, the behavioral
researches regarding overconfidence and its intgitst do not encourage the use of the
confidence levels in a portfolio management modaich is the most interesting addition of
the BL model compared to the Markowitz frameworkorkbver, the additions of behavioral
finance focus mainly on the individual but it doesit take into consideration the social

context in which the individual interacts. Behawiofinance ignores organizational and social

70



contexts which are important shortcomings when eorants to be able to understand
investors’ actions and reasoning process.

As consequence, while the Black-Litterman modelstdhbe considered as a progress
toward the construction of better behaved and nmaugtive portfolios, it still possesses some

shortcoming s that need to be considered in oaolesé the model more efficiently

Section Il

The case of low volatility portfolios

The violation of the risk and return tradeoff regmeted by the success of low
volatility portfolios is one of the most strikinghemalies within the stock market. This topic
has been studied by several behavioral financearelsers such as Baker, Bradley and

Wurgler within the recent years.

The interest for this topic comes from the ascent&nt that, over the past forty years,
high volatility and high beta stocks in the Americatock markets have remarkably
underperformed low volatility and low beta stocks a consequence, over this period of
time, low volatility portfolios have known high aage returns and small underperformances.
This fact is in total contradiction with traditidnfinance theories. Indeed, according to the
efficient markets theory, above average returnspassible to be obtained by taking above
average risk. Risky stocks are thus supposed te hhwove-average future returns whereas
safe stocks do not. However, this statement hasaapg to be hard to prove over the history
of stock markets.

Baker, Brendan and Wurgler (2009) performed a stuglgg the last forty years of
data from the Center for Research of Security Ri@RSP). They divided all the stocks in
five groups according to their monthly trailing ablity. When comparing these groups
considering their average returns and volatilihgyt found that $1 invested in the highest
volatility (riskiest) stocks’ group in January 196®uld be worth $0.61 at the end of
December 2008, assuming no transaction costs. ©odhtrary, the same amount invested in
the lowest volatility portfolio (safest) would beowh at the same period $56.38. The
researchers also added that this group’s pathigchtgher value was a lot smoother than for

the riskier group. In addition, they noticed thaiah of this difference comes in recent years,
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after 1983 to be more precise. According to thehis period represents a time when
institutional investment managers have become rancemore numerous, better capitalized

and more sophisticated.

The purpose of this part is to try to explain thatfolio management anomaly through
the lens of behavioral finance principles, as tradal finance fails to provide a plausible
answer. We will see the reasons underlying thisipheenon, the effects and what could be

done in order to deal the best possible with tiiggon.

. Explanation of the difference in return: the measue of risk

One of the first things to consider when studytimg problem is the measure of risk. It
would indeed be possible that this violation of tis& and return tradeoff could be explained
by a wrong and inappropriate measure of risk. Iy tm&athat using volatility as a measure risk
is not the good way to proceed. The standard dewiaif returns would be a proper measure
of risk only if at least one of the above mentiomsdumptions — multi-normal districution, or
quadratic utility function — hold. If not, this maa&e would not be an accurate measure of
risk. Furthermore, individual securities are nggitglly held in isolation therefore the “right”
measure of risk should not be the one on partigitagle stocks but on their own contribution
to the overall risk of a diversified portfolio okeurities. This is actually the logic behind
traditional finance most famous model, the CAPMe Tisk of a stock is represented by its
Beta, which measures the contribution of this ggctw the risk within a broadly diversified
market portfolio.

However, this reasonable assumption appears torteesus as well. Indeed, in order
to consider this possibility, Wurgler, Bradley aBdker (2009) performed the same study
with a refined definition of risk measurement. Thieyind out that the highest volatility
portfolio would then have provided a return of $8(6ompared to the previous $.061) and the
lowest volatility portfolio would still provide a oth higher return of $54.78 (compared to the
really similar result of $56.38). And once agairithmexception of the internet bubble during
the 1990’s, most of this difference in returns appd after 1983. The renewed experience
shows that the logic followed by the CAPM and ttiadial finance do not concord with the

reality.
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Following the same trend, the researchers Ang, iBkadYing and Zhang (2006;2009)
found out that high volatility stocks hadtysmally low returri'sin both American and
international markets, which shows that this phesrwom is a lot more general than an
anomaly of the United States’ stock market. Theewperformances are especially salient in
downturns periods such as 1972-1974, the crasi®®&f,lthe burst of the internet bubble in
2000-2002 and the latest financial crisis of 2008.

Concerning the question of the appropriate measiurigk, in addition to the accuracy
of the volatility parameter, using the stock’s bet@ht be the wrong way to go as well. The
CAPM is actually an equilibrium model of risk areturns based on punrealistic assumptions.

The use of the beta might then be an erroneousureeatrisk.

[l. A behavioral explanation to the difference in retuns

The behavioral explanation for this striking anoyn@poses on two phenomena different
than risk: the presence of less than fully ratiomaiestors and the existence of limits to
arbitrage.

Within inefficient markets, mispricing events confieom the combination of two
elements. First, the investors are not fully radlpron the contrary to traditional finance
theories. Second, there must be some limits tdraga. The actions of arbitrageurs entart
money must be less than fully competitive in taking adtage of these mispricing events
created by the noise trader group.

The main question is to understand what are thenyidg psychological characteristics
that lead to a preference for volatile stocks, mgkiow volatility portfolio over-perform
them. One could ask indeed why institutional adgiéurs do not take action by
overweighting low volatility stocks (and thus ungerghting high volatility stocks) by just
enough to offset the irrational demand. Accordingbthavioral finance’s views on these
issues, investors’ biases have an important rolelday in this situation. Behavioral finance
argues that there are three main biases creatsgllenomenon: the preference for lotteries,

representativeness and overconfidence.

a. Preference for lotteries

As a consequence as the loss aversion effectambattudied previously, investors

should in theory shy away from volatile stocksyiiegto realize a loss as they are riskier.
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However, empirical studies show that a differenémdmenon takes place as the probabilities
shift. Over the study of Wurgler, Baker and Brad{@p09), a group of individuals were

presented two situations:

First situation: “You have the occasion to play a game where you 5@8echance of losing
$100 and 50% chance of winning $110. Do you Play

Second situation:“You have the occasion to have a certain gain ar&® play a game with
a 0.1% chance of a $5000 payoff. What do you cijose

When presented the first situation, most peoplaseefto play the game, despite the
positive expected payoff. The possibility of losiB00 discourages participation, even when
this amount is trivial compared to the individuatome or total wealth situation. Therefore,
when considering loss aversion phenomenon, peoglexpected to avoid volatility for fear
to realize a loss. However, when considering theorse@ situation, an interesting shift of
preferences occurs. Indeed, most people rathertth@kgamble on the second situation rather
than accepting a certain gain. This phenomenostilites clearly the appeal that people have
for lotteries and fortune wheels.

From the statistical point of view, the researclaatd that this phenomenon is more
about ‘positive skewne$swhere large positive payoffs are more likely rinarge negative
ones, than it is about volatility. SkewnesdeScribes the asymmetry from the normal
distribution in a set of statistical data. Skewneas come in the form of “negative skewness”
or “positive skewness” depending on whether datinisoare skewed to the left (negative
skew) or to the right (positive skew) of the dateeragé. Skewness is considered as an
important element in finance and investing actgti Indeed, the returns of most sets,
including stocks, have either positive or negatsiewness rather than a symmetric
distribution. Therefore, by understanding on whvedty the returns are skewed, an investor
more accurately estimates if a given or future gaiat will be more or less than the mean.

Mitton and Vorkink (2007) have pointed out thafatide individual stocks with limited
liability happen to be positively skewed. Therefdyaying a low priced, volatile stock is like
buying a lottery ticket. There is a small chancelldimg or tripling the investor's value or

much within a short period, but there is a muchdaprobability that a decrease in value will
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occur. However, as the size of the possible pasipayoff is a lot larger than the more

probable size of the decrease in value, a lotwdstors are willing to take the chance.

b. Representativeness

To better illustrate the issue of representativenes are going to examine an experiment
conducted by Tversky and Kanheman in 1983. Oversthdy, a group of individuals was

presented the following situation:
“Linda is a single, outspoken, very bright individughe majored in philosophy. As a student,
she was deeply concerned with issues of discrimmadand social justice, and she also

participated in an anti-nuclear demonstration

The guestion is “What is the most probable?”

A: Linda is a bank teller.

B: Linda is a bank teller who is active in the woman@vement

The results of the experiment showed that manyestdbjchose the statement B.
However, it seems irrational as if B is true, thlaa statement A is automatically true as well.
The mistake is thus made because the second ptioposeems to better fit the description

made of the young woman previously. It seems maprésentative” of Linda.

A similar problem arises when agents attempt tondethe main characteristics of an
investment. From the success of Microsoft’'s IPOLB86 (the company returned 70% per
year in its five first years as a public compariligy tend to draw the conclusion that small
and speculative stocks in the new technology imgust and thus volatile stocks, were
successful. The issue here however is that peapleres the large number of similar
companies that failed. As a result, they can béned to overpay for volatile stocks, as an
effect to the representativeness bias. On the agnta rational investor would probably
examine an entire sample of similar stocks in orgefully assess the situation and the

potential of their investment. They might conclutiat, without an exhaustive knowledge
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allowing them to separate the successful from tserk, the overall group considered has

performed too poorly on average.

c. Overconfidence

Numerous experimental evidences showed that meagtle tend to form confidence
intervals far too narrow, as we have seen prewoushey appear to show a certain
overconfidence in the accuracy of their knowledlymreover, the more obscure is the
guestion or the subject, and the more the caldomas deteriorating.

When valuing stocks, investors use the same kindfooécasting. However, their
overconfidence will make them stick with some fatgevisions of their estimations. When
they are in front of disagreements between overdent agents, they will probably agree to
disagree. The extent of the disagreement is usbaallyer for more uncertain outcomes. For
instance, the stocks that are growing quickly oiciwhare in distress (volatile stocks) will
provoke a wider range of opinions, which will rende their volatility. If pessimistic
investors act less aggressively that optimisticspriecause of short sales constraints for
instance, the prices will be thus set by the ogtilmigroup. Therefore, volatile stocks with

wide range of opinions may sell for higher pricaed avill be generating lower future returns.

[1l. The limits to institutional arbitrage

a. The limits of contracted investment management

The fact that sophisticated and well capitalizestiintions do not offset the irrational
demand for high volatility stocks and capitalize the return’s differences constitutes a
puzzle studied by Brendan, Bradley and Wurger (R200fleed, this irrational pattern has
gained force over a period when the number ingiital managers in the United States had
doubled form 30% to 60% of the overall investmeanhagers’ population.

The first part of the puzzle presented by the medess was to understand why
institutional managers in the United States doshott the very poor performing top volatility

stocks. According to them, the reason is that tlstseks are generally small and costly to
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trade in large quantities. There are also diffiegltin shorting them because of the low
volume of shares available.

The second part of the puzzle consists in undedstgrwhy institutional managers do
not overweight the lower risk and higher performiogiest volatility stocks’ group. Here,
what seems to come into play, are the limits tati@gpe coming from typical contracts ruling
delegated investment management. Indeed, the vagirity of institutional managers are
given implicit or explicit mandates aiming at thexamization of the thformation ratid
relative to a specific fixed benchmark. For ins@gni€ the benchmark is the S&P 500, this
information ratio would representhie average difference between the return earnethéy
manager and the return of the index, scaled bywublatility on the tracking errdt The
tracking error is the standard deviation of the returns’ differentetween the manager’s
obtained returns and the index retutns

The advantage of this contract is that it makésnid of easier to understand the skills
of the investment manager and the risks he takegxXaynining the returns he obtained
relatively to a benchmark. However, this mandatategy has its costs. Indeed, Brennan
(1993) considers that it has effects on stock£gwi He argues that the benchmark make the
institutional managers less likely to take advaetaf observable patterns. His logic is that
institutional managers who have fixed benchmarks mat be willing to exploit mispricing
occurring because an irrational extra demand fah hvolatility stocks provoked by
preference for lotteries, representativeness ardconfidence biases of investors.

To recapitulate, institutional managers with fixednchmark are only suited to exploit
mispricing that involves stocks with approximatétg market risk, or a Beta almost equal to
1 (similar to the market portfolio Beta). There Iwilowever do very little to correct
undervalued stocks with low Beta and overvaluedkstovith high Beta.

The combination of an irrational extra demand, icgnirom a preference for lotteries,
representativeness and overconfidence biases, lengresence of delegated institutional
investment managers with fixed benchmarks causesraldeoff between risk and return not
to hold. High risk, volatile stocks do not earncemenensurate return, whereas low risk stocks
have a tendency to outperform. However, despite piattern, sophisticated investors are
largely on the sideline because their mandate ofinmaing returns makes the action of
arbitraging the mispricing unattractive. The imation is that a solid investment strategy in
low volatility portfolio subsists. Moreover, explmig the low volatility anomaly for
investment managers involves holding stocks withierar less returns, which does not help

the manager’'s performances, and with different nskfiles, which only increases the
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manager’s tracking error. The lack of incentive nthis another consequence for the
persistence of the anomaly. Therefore, as a lonfixad benchmark contracts remain the
dominant form of implicit or explicit mandate be®veinvestors and investment management

firms, the anomaly will probably persist.

b. The search for lower volatility strategies

Given the outperformance of low volatility stockss can wonder if one could achieve
better returns than the lowest volatility groupthking more efficient strategies by using the
benefices of diversification. Bradley, Baker and rdler (2009) argue that an investor could
achieve a better performance if he has a good atgiof not only the firm’s volatility but also
of the correlation among the stocks constitutirggghbrtfolio. Indeed, a portfolio with two low
volatility correlated stocks can be more volatilattanother one with two stocks slightly more
volatile but uncorrelated.

Clarke, Da Silva and Thorley (2006) conducted a\stusing the top 1,000 stocks in
the CRSP universe. They compared the returns oWavblatility portfolio to the returns of
the lowest quintile of the selection, so the bottstmcks of the 200 stocks with the lowest
volatility. They found out that the minimum varianof the portfolio had a lower volatility
that the bottom selection, 11.5 against 12.8. Ak® compounded annual return was
correspondingly higher, 10.7% against 10.1%. TR@ed@ence shows thus the importance of

diversification and of stocks’ correlation.

Conclusion

Behavioral finance explains that irrational inwesttend to have a preference for risky
and volatile stocks while at the same time insbndl investors are incentivized to manage
risk against their benchmark. This implies alsd thaestors who want to maximize returns
must incentivize their managers to take advantdgee mispricing events created by the
extra demand for volatile securities.

The good news would be that, as long as most uisiital investors will stick with
their benchmarks, low volatility portfolios will bdikely to keep performing leaving

opportunities for individual investors to exploit.
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Chapter 6

Practical Application:

The differences between the Black-Litterman and

the Markowitz models of assets’ allocation
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The aim of this example is to illustrate the usdahe two models with a portfolio
containing five real life securities. It mainly sk the differences in weights and returns that
can be obtained when using the two models, anththeences of the additional inputs of the
Black-Litterman model that are connected with bébvab finance: the views and the

confidence levels.

|. The Black-Litterman model application

For the example, we are going to work with fivalrife stocks that will constitute a
portfolio. The stocks chosen are all from differenportant industriesJonhson & Jonhson
(Health care)Wal-Mart Stores (Consumer Discretionaryfzoldman Sachs(Financials),
Google Inc. (Information Technology) anBxxon Mobil (Energy). To calculate the returns,
we are using the historical prices of the stockseaon the 10 last months (price on the first
day of the month). The returns are calculated asepéage through the formu{g1-P0)/PQ
whereP1is the price of the period afD the price of the preceding month.

With the historical returns data, we are then ablelaborate aariance/covariance matrix
between the five assets.

From there, we need to make some assumptions. dfil, we are going to use a
market portfolio similar in returns and volatilitp the S&P 500 index Between the period
1992 and 2007, thaverage return of the index per annumwas approximatelit1% and its
average standard deviation per annunwas17%. Second, we are going to useisk-free
rate evaluated a5%. Therefore, we will have global risk market premium equal to 11% -
5% s06%.

With these data, we are thus able to calculate“figk aversion parameteér It
represents the rate at which more returns is redquas a compensation for more risk. It is
calculated through the division of the global markek premium by the market portfolio

variance, or its squared standard deviation.
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Then, for each of the securities, we are going dtctuate their implied excess
return’. It is represented by the multiplication of thekraversion parameter, the sum of the
asset covariance with the other securities andmiight of the asset market capitalization
relatively to the total market capitalization ottfive stocks. These returns will be used and
combined with the views to form newly combined ratu

As we have seen before, the Black-Litterman mad&#bduces some behavioral
elements through the use of market views and leMetenfidence in the model. We are thus
going to elaborate two views, one absolute andrela¢ive, and then attribute them levels of
confidence which represent to which degree thesitoras convinced of the accuracy of the
view.

The absolute view used states that Google will @ditpm the return of all the other securities
by 10%. The relative view used states that ExxotiMawill outperform in returns Goldman
Sachs by 5%. For the first trial, we chose to latiie a 30% rate of confidence to the absolute
view, and a 50% rate of confidence to the relatiesv. From the view, we need to compute
the view distribution for each asset. For one sttio& view is computed by the multiplication
of the weight of the view on the asset, the peagmaffected to this particular view and the
rate of confidence level. The view distributioneafch asset is then added to its own implied
excess of return to give aéw blended expected retlriror the asset to which no view has
been attributed by the investor, the expected metmitl be the same as the previously
computed implied excess of return.

Finally, we can use these data to compute thdghortreturns, variance and weight
for each asset. We use the new blended returnpesid returns for each asset. We calculate
the variance of each of them. The variance of thréfgio is the sum of the variance of each
stock and the expected return of the portfolichis sum of each expected return times their
respective variance. By using an Excel spreadsheetthe “Solver option”, we are able to

compute optimal weights according to a target pbdfreturn.

[I. The Markowitz model application

The procedure of the Markowitz model applicatisrsimilar to the Black-Litterman
one as the latter is mainly constructed from thekdaitz framework. We need to start the

same way by a calculation of the historical retiand elaborate a variance/covariance matrix.
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However, this model does not take into considemnatice market capitalization of the
stocks or a parameter representing the marketanskreturn tradeoff. Views and levels of
confidence are also attributes exclusively usedhyBlack-Litterman model. Therefore, the
expected return for each asset is representedebypdan of the stock’s historical returns. The
same calculations than for the first model are theade to obtain the portfolio variance,

standard deviation, expected returns and asseightge

[1l. Results of the trial

a. Weights obtained according to a target return of 2%

When computing through the “Solver” the optimaligits to obtain a portfolio
providing a 2% return, the two models propose prditferent allocation.

The Black-Litterman model proposes the followingpedtion: Jonhson & Johnson
(10%); Wal-Mart stores (9%); Google Inc. (53%); Guobhn Sachs (13%) and Exxon Mobile
(15%).

The Markowitz framework gives significantly diverg results: Jonhson & Jonhson
(46%); Wal-Mart stores (3%); Google Inc. (7%); Gulah Sachs (8%) and Exxon Mobile
(36%).

Stock

Allocation using

Allocation using

Difference in

Markowitz Black-Litterman weight
Johnson & Johnson 46% 10% -36%
Wal-Mart stores 3% 9% 6%
Google Inc. 7% 53% 46%
Goldman Sachs 8% 13% 5%
Exxon Mobile 36% 15% -21%

As we can see there are pretty large differencasinstance, a 36% difference for Jonhson &
Jonhson and a 57% difference for Google!

Considering that the same historical prices angrmethad been used, the differences
can be mostly attributed to the behavioral featusegthe model and to the taking of
consideration of the stocks market capitalization.
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b. Weights obtained according to a target return of 3%

When trying to obtain a portfolio providing a 3%turn, the models can give different
results.
Indeed the Markowitz model gives the following wsgfor a 3% return: Jonhson & Jonhson
(71%); Wal-Mart stores (-1%); Google Inc. (-1%);I@oan Sachs (-3%) and Exxon Mobile
(36%).

For the Black-Litterman, the weights proposed dammhson & Jonhson (-4%); Wal-
Mart stores (9%); Google Inc. (66%); Goldman Sg&86) and Exxon Mobile (26%).

Stock Allocation using Allocation using Difference in
Markowitz Black-Litterman weight
Johnson & Johnson 71%% -4% -75%
Wal-Mart stores -1% 9% 10%
Google Inc. -3% 66% 67%
Goldman Sachs -3% 3% 6%
Exxon Mobile 36% 26% -10%

We can notice still large differences in weightwgh a difference of 75% for Jonhson &
Jonhson and 67% for Google Inc.

c. The importance of the views and levels of confiderc

The evaluation of the accuracy of the views atteld appears to be fundamental in the
Black-Litterman model. Indeed, a change of thelkwé confidence in each of the view can
generate completely different portfolio allocations

For this example, we kept a target portfolio retofri2%. We then made a trial by
replacing the level of confidence of the absolueawfrom 30% to 60%. We are first keeping
the same level of 50% for the relative view. Thaghts proposed for the portfolio are then:
Jonhson & Jonhson (32%); Wal-Mart stores (9%); Gaduc. (31%); Goldman Sachs (17%)
and Exxon Mobile (11%).
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Stock Allocation using Allocation using Difference in
30% confidence 60% confidence weight
Johnson & Johnson 10% 32% 22%
Wal-Mart stores 9% 9% 0%
Google Inc. 53% 31% -22%
Goldman Sachs 13% 17% 4%
Exxon Mobile 15% 11% -4%

Therefore, we can see that a change in just otieeofiew of 10% can provoke a difference
of 22% weighting for Jonhson & Jonhson and of 22¥Google Inc as well. The only stock
not affected by this change is Wal-Mart stores stayed at 9%.

When the investor gets vey confident on his/hewsigt appears that the portfolio can
start to act in a different manner For instanceenvhttributing levels of confidence of 80%
and 60% respectively to the absolute and the velatiews, we obtain a different allocation:
Jonhson & Jonhson (37%); Wal-Mart stores (9%); Godac. (26%); Goldman Sachs (19%)
and Exxon Mobile (9%). However, the differencesaaights between two same stocks are

still a lot less important than when using the tifferent models with a same target return.

Stock Allocation using Allocation using Difference in
30% & 50% 60% & 80% weight
confidence confidence
Johnson & Johnson 10% 37% 27%
Wal-Mart stores 9% 9% 0%
Google Inc. 53% 26% -27%
Goldman Sachs 13% 19% 6%
Exxon Mobile 15% 9% -6%

The importance of the view can also be seen whearstaay the levels of confidence
of the example of a target 3% return. When usingidence levels of 50% and 70%, we can
obtain a portfolio allocation more intuitive withomegative weight: Jonhson & Jonhson
(19%); Wal-Mart stores (9%); Google Inc. (43%); @Guobhn Sachs (8%) and Exxon Mobile
(21%).

Stock

Allocation using
30% & 50%
confidence levels

Allocation using
50% & 70%
confidence levels

Difference in
weight
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Johnson & Johnson -4% 19% 23%
Wal-Mart stores 9% 9% 0%
Google Inc. 66% 43% -23%
Goldman Sachs 3% 8% 5%
Exxon Mobile 26% 21% -5%
Conclusion

These applications and examples can illustratentipact of the additional features of
the Black-Litterman model compared to the Markoviiieamework.

First of all, we can see that the two models cavide very different allocations for
same target returns. The main inputs taken intgidemation are the market capitalization of
the assets, the market portfolio risk and retuadeoff and the views and their own levels of
confidence attributed by the investor. The impartaof the views and levels of confidence is
significantly consequent when we see that changéiseise parameters can affect greatly the
assets’ allocation. The behavior of investors issttundamental as the levels of confidence
are affected by numerous behavioral characteristick as overconfidence and loss aversion
biases.

Behavioral finance theories can thus be usefulapplied in the context of portfolio
management. As the Black-Litterman model startsiftbe Markowitz framework, its results
are not totally different in the same situatiornas have seen in one the example. However,
the fact that it takes into consideration the inees sentiment can provide a different assets’
allocation by taking into account capitalizatiorskrand return tradeoffs and sentiments on
expected returns. Nevertheless, this simplifiedsifation cannot represent a demonstration
that the Black-Litterman model is more efficiendacan replace the Markowitz model used
by portfolio managers presently. The model remémsed, especially within its additional
features as we have seen that investors are poobhmges. A need more testing would be

compulsory in order to assert the usefulness amgakential of this model.
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CONCLUSION

Behavioral finance, or behavioral economics, usgmitive and emotional factors in
order to understand financial and economic decssainndividuals and institutions. The field
is primarily concerned with the issue of the agematisonality assumed by the traditional

neoclassic finance theories.

As we have seen through this survey, behavianahite encompasses numerous
contradictions with traditional finance. This fiedfl study has knows increasing progresses
over the last years and can propose more an m@mesting assumptions and solutions to
financially puzzles, unsolved by the tradition&ldi.

However, despite the interest of this field aisduihdeniable logic, one cannot deny
that it is still in need of clear mathematical misdéat could be used in order to mitigate

errors of traditional finance models such as thé®IA

This lack of empirical findings remains one of thain shortcomings of the field. In
addition, taking into account organizational andislogical aspects could also allow more

accuracy to the theories.

To conclude, this field is still in need of furthealidation but still remains an
interesting theoretical basis which researchersstam working from.
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The Black-Litterman Process Scheme (Idzorek, 2005)
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The Black-Litterman Model Application

Annex 1: Data

Historical Stock Prices

Johnson & Johnson Wal-Mart Stores | Google Inc. Goldman Sachs Exxon Mobil |
05.02.2011 86,97 55,04 538,56 151,63 86,97
04.01.2011 84,68 52,13 591,8 159,66 84,68
03.01.2011 84,8 52,07 600,76 161,31 84,8
02.01.2011 83,91 56,53 611,04 165,33 83,91
01.03.2011 74,55 54,15 604,35 173,05 74,55
12.01.2010 71,33 54,39 564,35 158,45 71,33
11.01.2010 66,95 54,02 615 161,57 66,95
10.01.2010 62,54 53,36 525,62 147,7 62,54
09.01.2010 60,91 51,2 460,33 139,74 60,91
08.02.2010 61,94 51,41 490,41 152,74 61,94
| Market Capitalization (BS) | 182,22 | 194,53 | 170,24 73,24 398,37 |
| Historical Stock returns (%) |
Johnson & Johnson | Wal-Mart Stores | Google Inc. Goldman Sachs Exxon Mobil |
05.02.2011 2,70% 5,58% -9,00% -5,03% 2,70%
04.01.2011 -0,14% 0,12% -1,49% -1,02% -0,14%
03.01.2011 1,06% -7,89% -1,68% -2,43% 1,06%
02.01.2011 12,56% 4,40% 1,11% -4,46% 12,56%
01.03.2011 4,51% -0,44% 7,09% 9,21% 4,51%
12.01.2010 6,54% 0,68% -8,24% -1,93% 6,54%
11.01.2010 7,05% 1,24% 17,00% 9,39% 7,05%
10.01.2010 2,68% 4,22% 14,18% 5,70% 2,68%
09.01.2010 -1,66% -0,41% -6,13% -8,51% -1,66%
08.02.2010 - - - - -
Variance/Covariance Matrix |
Johnson & Johnson | Wal-Mart Stores Google Inc. Goldman Sachs Exxon Mobil |
Johnson & Johnson 0,167% 0,062% 0,093% 0,054% 0,167%
Wal-Mart Stores 0,062% 0,141% 0,035% 0,005% 0,062%
Google Inc. 0,093% 0,035% 0,794% 0,465% 0,093%
Goldman Sachs 0,054% 0,005% 0,465% 0,371% 0,054%
Exxon Mobil 0,167% 0,062% 0,093% 0,054% 0,167%
Ad(ditional Data |IER (Implied Excess Returns for the asset) |
Market Portfolio S&P 500 Johnson & Johnson 0,001494105
Market Portfolio standard deviation 17% Wal-Mart Stores 0,001289761
Risk free rate 5% Google Inc. 0,005489085
Market Return 11% Goldman Sachs 0,001514221
Market Risk Premium 6% Exxon Mobil 0,003266418
Risk aversion parameter 2,21799308
Total Market Capitalization 1018,6
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The Markowitz Model Application Annex 2: Data

Historical Stock Prices |

Johnson & Johnson Wal-Mart Stores | Google Inc. Goldman Sachs Exxon Mobil |
05.02.2011 86,97 55,04 538,56 151,63 86,97
04.01.2011 84,68 52,13 591,8 159,66 84,68
03.01.2011 84,8 52,07 600,76 161,31 84,8
02.01.2011 83,91 56,53 611,04 165,33 83,91
01.03.2011 74,55 54,15 604,35 173,05 74,55
12.01.2010 71,33 54,39 564,35 158,45 71,33
11.01.2010 66,95 54,02 615 161,57 66,95
10.01.2010 62,54 53,36 525,62 147,7 62,54
09.01.2010 60,91 51,2 460,33 139,74 60,91
08.02.2010 61,94 51,41 490,41 152,74 61,94

Historical Stock returns (%) |

Johnson & Johnson Wal-Mart Stores | Google Inc. Goldman Sachs Exxon Mobil |
05.02.2011 2,70% 5,58% -9,00% -5,03% 2,70%
04.01.2011 -0,14% 0,12% -1,49% -1,02% -0,14%
03.01.2011 1,06% -7,89% -1,68% -2,43% 1,06%
02.01.2011 12,56% 4,40% 1,11% -4,46% 12,56%
01.03.2011 4,51% -0,44% 7,09% 9,21% 4,51%
12.01.2010 6,54% 0,68% -8,24% -1,93% 6,54%
11.01.2010 7,05% 1,24% 17,00% 9,39% 7,05%
10.01.2010 2,68% 4,22% 14,18% 5,70% 2,68%
09.01.2010 -1,66% -0,41% -6,13% -8,51% -1,66%
08.02.2010 - - - - -
Variance/Covariance Matrix |
Johnson & Johnson Wal-Mart Stores Google Inc. Goldman Sachs Exxon Mobil |
Johnson & Johnson 0,167% 0,062% 0,093% 0,054% 0,167%
Wal-Mart Stores 0,062% 0,141% 0,035% 0,005% 0,062%
Google Inc. 0,093% 0,035% 0,794% 0,465% 0,093%
Goldman Sachs 0,054% 0,005% 0,465% 0,371% 0,054%
Exxon Mobil 0,167% 0,062% 0,093% 0,054% 0,167%
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The Black-Litterman Application

Annex 2: Weights obtained according to a target retrn of 2%

Market Views and Confidence Levels

Absolute view "Google will outperform all other assets by" 10%
Relative view "Exxon Mobile will outperform Goldman Sachs by" 5%
Confidence level absolute view 30%
Confidence level relative view 50%
| Views distribution New blended expected returns
Johnson & Johnson 0 0,00149411
Wal-Mart Stores 0 0,00128976
Google Inc. 0,03 0,03548909
Goldman Sachs -0,025 -0,02348578
Exxon Mobil 0,025 0,02826642
Portfolio repartition |
| Johnson & Johnson | Wal-Mart Stores | Google Inc. | Goldman Sachs | Exxon Mobil |
% Portfolio 10% 9% 53% 13% 15% 100%
Expected Return 0,15% 0,13% 3,55% -2,35% 2,83%
|Variance | 0,010% | 0,004% | 0,267% | ooe% | o015 |
[Return | 0,015% | 0,012% | 1,869% | 036% |  o40% |
Variance 0,339%
Standard deviation 0,058200407
Return 2,000%
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The Markowitz Model Application

Annex 2: Weights According to a target return of 2%

Portfolio repartition |

Johnson & Johnson | Wal-Mart Stores GoogleInc. | Goldman Sachs |  Exxon Mobil | Total

% Portfolio 46% 3% 7% 8% 36% 100%
Expected Return 2,70% 0,68% -1,49% -1,93% 2,70%
|Variance | 0,069% | 0,002% | ooux | ooos% | ooss% |
|Return | 1,240% | 0,023% | 010 | -ome% | o0985% |

Variance 0,145%

Standard Deviation 3,81%

Returns 2,000%
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The Black-Litterman Model Application

Annex 3: Weights obtained according to a target retrn of 3%

Market Views and Confidence Levels

Absolute view "Google will outperform all other assets by" 10%
Relative view "Exxon Mobile will outperform Goldman Sachs by" 5%
Confidence level absolute view 30%
Confidence level relative view 50%
| Views distribution New blended expected returns
Johnson & Johnson 0 0,00149411
Wal-Mart Stores 0 0,00128976
Google Inc. 0,03 0,03548909
Goldman Sachs -0,025 -0,02348578
Exxon Mobil 0,025 0,02826642
Portfolio repartition |
Johnson & Johnson | Wal-Mart Stores Google Inc. Goldman Sachs Exxon Mobil |
% Portfolio -4% 9% 66% 3% 26% 10
Expected Return 0,15% 0,13% 3,55% -2,35% 2,83%
|variance | -0,004% 0,004% 0,375% | 0,011% | o0% |
Return | -0,006% 0,011% 2,353% | 0081% | o73% |
Variance 0,413%
Standard deviation 0,064277806
Return 3,000%
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The Markowitz Model Application

Annex 3: Weights according to a target return of 3%

Portfolio repartition

Johnson & Johnson Wal-Mart Stores GoogleInc. | Goldman Sachs |  Exxon Mobil | Total |

% Portfolio 71% -1% -3% -3% 36% 100% |
Expected Return 2,70% 0,68% -1,49% -1,93% 2,70%
|Variance | 0,124% | -0,001% 0002% | -0001% | 0064% |
|Return | 1,920% | -0,009% 0043% | 0061% |  0985% |

Variance 0,184%

Standard Deviation 4,28%

Returns 3,000%
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The Black-Litterman Model Application

Annex 4: Target portfolio return of 2% - Level of confidence of 60%

(absolute) and 50% (relative).

Market Views and Confidence Levels

Absolute view

"Google will outperform all other assets by"

10%

Relative view

"Exxon Mobile will outperform Goldman Sachs by"

5%

Confidence level absolute view 60%
Confidence level relative view 50%
| Views distribution New blended expected returns
Johnson & Johnson 0 0,00149411
Wal-Mart Stores 0 0,00128976
Google Inc. 0,06 0,06548909
Goldman Sachs -0,025 -0,02348578
Exxon Mobil 0,025 0,02826642
Portfolio repartition |
| Johnson & Johnson | Wal-Mart Stores | Google Inc. | Goldman Sachs | Exxon Mobil |
% Portfolio 32% 9% 31% 17% 11% 100%
Expected Return 0,15% 0,13% 6,55% -2,35% 2,83%
|Variance | 0,037% | 0,005% | 0,115% | ooM% | o0m% |
[Return | 0,048% | 0,012% | 2,037% | 0403% | o3 |
Variance 0,209%
Standard deviation 0,045686395
Return 2,000%

98



Annex 5: Target Portfolio Return of 2% - Levels ofconfidence of 80% (Absolute) and

The Black-Litterman Model Application

60% (Relative)

Market Views and Confidence Levels

Absolute view "Google will outperform all other assets by" 10%
Relative view "Exxon Mobile will outperform Goldman Sachs by" 5%
Confidence level absolute view 80%
Confidence level relative view 60%
| Views distribution New blended expected returns
Johnson & Johnson 0 0,00149411
Wal-Mart Stores 0 0,00128976
Google Inc. 0,08 0,08548909
Goldman Sachs -0,03 -0,02848578
Exxon Mobil 0,03 0,03326642
Portfolio repartition |
Johnson & Johnson | Wal-Mart Stores | Google Inc. | Goldman Sachs | Exxon Mobil |
% Portfolio 37% 9% 26% 19% 9% 100%
Expected Return 0,15% 0,13% 8,55% -2,85% 3,33%
|Variance | 0,044% | 0,005% | 0,087% | oom% |  oomos |
Return | 0,056% | 0,012% | 2,186% | o546% | 029% |
Variance 0,187%
Standard deviation 0,043199661
Return 2,000%
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The Black-Litterman Model Application

Annex 6: Target Return 3% - Confidence Levels of 5% (Absolute) and

70% (Relative)

Market Views and Confidence Levels

Absolute view

"Google will outperform all other assets by"

10%

Relative view

"Exxon Mobile will outperform Goldman Sachs by"

5%

Confidence level absolute view 50%
Confidence level relative view 70%
| Views distribution New blended expected returns
Johnson & Johnson 0 0,00149411
Wal-Mart Stores 0 0,00128976
Google Inc. 0,05 0,05548909
Goldman Sachs -0,035 -0,03348578
Exxon Mobil 0,035 0,03826642
Portfolio repartition |
Johnson & Johnson | Wal-Mart Stores Google Inc. Goldman Sachs Exxon Mobil |
% Portfolio 19% 9% 43% 8% 21% 100%
Expected Return 0,15% 0,13% 5,55% -3,35% 3,83%
variance | 0,022% | 0,005% 0,183% | 0,019% [ oos% |
[Return | 0,028% | 0,012% 2,411% | -0253% |  o0802% |
Variance 0,254%
Standard deviation 0,050352657
Return 3,000%
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