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1. Traditional and Behavioral Finance

Behaviord finance as a subdiscipline of behaviord economics is finance incorporaing
findings from psychology and sociology into its theories. Behaviord finance modds are
usudly developed to explan investor behavior or market anomaies when rationd modes
provide no sufficient explanations. To understand the research agenda, methodology, and
contributions, it is necessary to review traditiond finance theory firs. Then, we will show
how modifications (eg. incorporating market frictions) can rdaiondly explan obsaerved
individud or market behavior. In the second section, we will explain the behaviord finance
rescarch methodology - how biases are modded, incorporated into traditiond finance
theories, and tested empiricdly and expeimentdly- usng one gspecific subset of the

behaviord finance literature, the overconfidence literature.

1.1. Traditional Finance and Empirical Evidence

Traditiond finance theory assumes that agents are raiond and the law of one price holds.
Important aspects of agents rationdity are maximization of expected utility and Bayesan
learning (see chapter 2). This implies, for example, that choices are time-consstent (see
chapter 21). From a market perspective, traditiona finance theory rests on the lawv of one
price which dates that securities with the same payoff have the same price. Arbitrageurs
diminate ingantaneoudy any violalions of the law of one price by smultaneoudy buying and
sling these securities a advantageoudy different prices. Congder, for example, the shares of
DamlerChryder AG. They ae traded smultaneoudy on the New York Stock Exchange
(NYSE) and in Frankfurt (Xetra) between 1:30 p.m. and 6:00 p.m. UTC. During these 4.5
hours, shares should trade for the same prices on both exchanges adjusted for the current
EUR-USD exchange rate. If these adjusted prices are different from each other, an arbitrageur
would sdl shares a the higher price & one exchange and would buy the same number of
shares a the other exchange and would thus redize a risk-less profit (see Shlafer and Vishny
(1997) for another example of arbitrage).

The key quedtion is whether agents irrationdities affect market outcomes — otherwise,
finance researchers would not care. Even if some or even dl market participants are irrationd,
it may be possble that the market absorbs (at least to some degree) these individud
irrationdities and thus prevent their impact on prices and alocation. Whether the market can



average out irrationdities depends on the dructure of the observed behavior: unsystemétic
irrationdities can be absorbed more easily than systematic deviations from rationa behavior.

1.1.1. Market Efficiency and Security Return Patterns

If agents are rationd and the law of one price holds, market efficiency may exist. Fama
(1970) defines an efficient market as a “market in which prices dways ‘fully reflect’ available
information” (Fama (1970), p. 83). Different forms of market efficiency exig due to the
amount of information which is assumed to be “avalable’. If the current price contains only
the information congging of past prices, the market is “weak-form” efficient. If prices reflect
dl publidy avaldble information (hidoricd prices and, for example, eanings
announcements), the market is “semi-grong form” efficdent. Fndly, if prices reflect dl
private information (i.e. induding dl ingder information), the maket is “drong-form’
efficient.

It is unlikey that market prices contan all private informaion. One explanation for this
inefficiency is the exisence of noise traders who trade randomly and not based on
information. For example, they trade to match ther own liquidity requirements because of
inherited money (=buy stocks) or because they want to buy a new car or house (=sell stocks).
As a consequence, it is no longer possble to identify private information completely based on
buying or sdling activity by observing market prices because noise traders orders jam the
trading sgnd generated by insiders.

But even the origind “wesk-form” efficency did not survive empiricd tests “Wesk-form”
market efficiency in connection with the assumption of congtant expected returns had long
been successful in explaining security return patterns. Studies as discussed in Fama (1970)
show that stock returns are typically unpredictable based on past returns. However, empirica
sudies over the last 25 years demondrated that future returns are predictable to some extent.
Severd sudies document postive autocorrdation of short-term stock returns, as well as and
negative autocorreation of short-term returns separated by long lags. In addition, the current
dividend yield predicts subsequent returns. Fama (1991) surveys sudies on the above
mentioned time- series predictability of returns.

Furthermore, trading drategies exist, which are based on past returns and which earn
ddidicdly dgnificant profits. One specific example is the momentum drategy in - which
gocks with high returns over the last three to 12 months (“winner”) are bought and stocks



with low returns over the same period (“loser”) are sold. The short-sdling of “losers’ finances
the buying of “winners’, i.e there is no need to invest your own money. After a holding
period of up to 12 months, the “losers’ are bought back and the “winners’ are sold. Jegadeesh
and Titman (1993, 2001) showed for U.S. stocks that this drategy results in ggnificant
podtive profits. This drategy has been successful in other stock markets as well (see
Rouwenhorst (1998, 1999) as well as Glaser and Weber (20033) for international evidence on
the profitability of momentum drategies).

Closdy related are the following cross-sectiond return patterns. Returns of stocks with low
market capitdization have been on average higher than returns of stocks with high market
capitdization (=sze effect; see, for example, Banz (1981) and Dimson and Marsh (2000)).
Returns of vaue stocks, i.e socks with a high dividend yidd, a low pricelearnings réatio
and/or a high book-to-market ratio have been on average higher than returns of growth stocks,
i.e. stocks with a low dividend yield, a high pice/earnings ratio and/or a low book-to-market
ratio (see, for example, Fama and French (1992) and Lakonishok, Shleifer, and Vishny
(1994)). Moreover, specific events may predict subsequent security returns (event-based
return predictability). Such events are, for example, earnings announcements or stock splits
(see Danid, Hirshlefer, and Subrahmanyam (1998) and Fama (1991, 1998)).

The question is now whether these findings are red profit opportunities and thus a violation
of market efficiency or just aproper reward for risk. Some researchers argue that the observed
security return regulaities are rationa and can be explained by time-varying expected returns
(Fama (1991)). Other researchers argue that securities are mispriced (see, for example,
Lakonishok, Shlefer, and Vishny (1994)). Resolving this conflict is a least difficult if not
impossible because market efficiency can only be tested using a specific asset pricing model,
e atet of maket efficency is dways a joint tet of maket efficency and the assumed
correctness of the asset pricing model. Thus, a security market anomay can ether result from
market inefficiency or from the wrong asset pricing modd. As the above presented empiricd
evidence is dill inconclusve due to this reason, we will show in the next subsection that some

securities are obvioudy mispriced.
1.1.2. Law of OnePrice

Recently, some puzzles have been discovered proving that the law of one price is violated.
This violation is S0 severe that prices are incondstent with al vauation modds. One example

ae security prices of “Samese twin’ shares, such as Royd Dutch Petroleum and Shel
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Trangport and Trading. Twin shares trade at different places or in different countries and the
divison of current and future cash flows is fixed to each twin. Shares of Royd Dutch are
primarily traded in the U.S. and in the Netherlands whereas Shell is primarily traded in the
UK. Future cash flows are solit in the proportion of 60:40 in favor of Royd Dutch. Even if we
do not know the correct fundamentd value of Royd Dutch and Shel, we know that the
market value of Roya Dutch has to be 1.5 times as large as the market value of Shell if prices
reflect fundamenta value.

However, Froot and Dabora (1999) find that Royd Dutch is sometimes more than 40%
underpriced and sometimes 10% overpriced relative to the share prices of Shell. Thus, market
prices are cdealy wrong and this mispricing persss for severd years. Possible rationd
explanations such as exchange rate risks, different liquidity due to the market microstructure,
and asynchronous trading as a result of different trading hours are not sufficient to account for
the apparent mispricing.

Another example of nontrationa market prices which are not competible with the law of one
price is presented by Lamont and Thaer (2003). They study equity carve-outs by andyzing
the spin-off of PAm which was owned by 3Com. In March 2000, 3Com sold 5% of its PAm
ghares in an initid public offering and kept the remaning 95% of the shares. 3Com
announced that its shareholders would eventually receive 1.5 shares of Pdm for every 3Com
share they owned. Accordingly, the stock price of 3Com has to be at least 1.5 times as high as
the stock price of Pam, as long as the vaue of the whole 3Com compary is postive
However, the stock price of PAm was far above the stock price of 3Com implying a vaue of

- 22 hillion U.S. dallars of 3Com's non-Pam business.

Rationad explandions of why arbitrage is not sufficient to avoid violaions of the law of one

price, are looked at in the next subsection.

1.1.3. Limitsof Arbitrage

In addition to the evidence presented in the previous subsection, bubbles and crashes occur
from time to time and seem to rgect the notion of efficient markets and the positive effect of
arbitrage, too. For example, the NASDAQ Index rose from about 1000 in late 1997 to more
than 4500 in March 2000 before declining to 1000 in March 2003. In Germany, the New
Market index (Nemax50) rose to more than 9000 (March 2000) and stands at about 310 (three
hundred and ten !) by the end of March 2003. These huge changes of market indices are



difficult to explan usng a dandard finance modd. Moreover, the question arises why
arbitrage cannot dampen these swings which are, as common sense suggests, not only due to

new information.

Severd modds within the rationd framework were developed to explain limits of arbitrage. If
the invesment horizon is shorter than the time until the fundamenta vaue of an as is
reached with certainty, severe mispricing will not necessarily be diminated by arbitrage (Dow
and Gorton (1994)).

Moreover, mispricing can occur because of noise traders who create additiond risk by trading
randomly. This additiond risk is priced by the market. If these noise traders teke this
additiond risk, they can earn higher returns than raiond investors (DelLong, Shigfer,
Summers, and Wadmann (1990b)). In other words, irrational investors are not necessarily

diminated from the market due to their losses.

DeLong, Shlefer, Summers, and Waddmann (1990a) and Shleifer and Vishny (1997) show
that noise trader risk can worsen the migpricing in the short run. If arbitrageurs have short
investment horizons, noise trader risk will prevent them from exploiting this mispricing.
Kogan, Ross, Wang, and Westerfiedld (2003) show tha survivd and price impact of irrationa
traders are two independent concepts: They find that the price impact of irrationa traders does
not rdy on ther survivd in the long-run and that they can even influence prices when ther
wedlth becomes negligible.

Findly, other market frictions such as short-sde congraints or nontradable future labor
income may limit arbitrage, too. Summing up, limits of arbitrage exis and may lead to severe
migoricing even with fully rational market participants and unsystematic irretional behavior of

noise traders.
1.1.4. Agents Rationality

So far, we have discussed theoreticd and empirica issues concerning market outcomes.
However, recently a wide range of studies ded with another centra pillar of standard finance,
i.e agents rationdity. These dudies try to examine how agents in financid markets
- professond and individud invesorss actudly behave. This research usudly demonsrates
investor behavior that is difficult to reconcile with rationdity or predictions of sandard
finance modds In this handbook, dl kinds deviations from rationdity of judgment and



decison making are surveyed. In this subsection we present a few examples from the finance
literature which deal with some of these problems.

One example is naive divergfication or the 1/n heuridic. Benartzi and Thder (2001) anayze
401(k) retirement savings plans. Each savings plan offers a fixed number of invesment
options that varies across firms. Benartzi and Thaer (2001) find that some individuas spread
their savings evenly across the invesment dternaives and do not teke into account the
rikiness of the invesment options. As a consequence, the assat dlocation of individuds is
influenced by the percentage of stock funds offered. The higher the number of stock funds,
the higher the dlocation to equities a finding that is difficult to reconcle with agents
rationdity.

Another aspect of non-retiond behavior is that market behavior of investors is influenced by
framing. Depending on the framing of gains and losses, the behavior of market participants
changes as Weber, Keppe, and Meyer-Delius (2000) have demondrated in an experimentd
asat market. Traders are willing to pay more for assats if they have a short postion at the
beginning of a trading period compared to dStuations with a long podtion even though the
expected vaue of both portfolios is the same. In the first case, trading is driven by loss

averson whereasin the second case diversfication is the main reason for trading.

Furthermore, agents rationdity requires that dl avalable information is evauated usng
Bayes Law. However, if investors use specific heurigtics which put too much weight on
recent information, this sysematic bias has an impact not only on the price reaction to new
information but aso on the price reaction afterwards when this error becomes obvious.
Barberis, Shlefer, and Vishny (1998) modd investors who make systemdtic errors when
evaduatiing public information. Investors are prone to a consarvatism bias, the underweighting
of new evidence when updating probabilities, and to a paticular manifedtation of the
representative heurigtic, the tendency of people to expect even short sequences of redizations
of a random variable to reflect the propertties of the parent population from which the
redlizations are drawn.

1.2.Behavioral Finance and Remaining Puzzles

In principle, there are two different gpproaches towards behavioral finance. Both approaches
have the same god, i.e. to explan observed prices, market trading volume, and individud
behavior better than traditiond finance models. In the first gpproach, the darting points are



results from psychology describing human behavior in certain economic circumstances. These
results are used to build new models to explain market observations. In the second approach,
empirical deviaions from predictions based on traditional finance theory are observed. Then,
psychologica results of individud behavior are screened to find an explanation for the
observed market phenomena. Figure 26.1 shows the two approaches.

>>>>>>>>> | nsert figure 26.1 about here <<<<<<<<<

One important puzzle is the high trading volume in al capitd markets. Table 26.1 shows the
absolute trading volume and the reative trading volume in percent of market capitdization

(turnover) for some stock markets in 2002.

>>>>>>>>> |nsert table 26.1 about here <<<<<<<<<

Given tha a dgnificant number of shares is owned by long-term oriented inditutiond
invesors like penson funds, large mutua funds, or index funds a turnover of 100%, as
observed in the U.S, implies that every avalable share is traded more than once per year.
This trading volume appears to be high. Why do rationd invedtors trade a al? Rationd
investors orly trade when they are heterogeneous, i.e. when they differ with regard to tastes
(such as the degree of risk averson), endowments (such as liquidity shocks due to, for
example, accidents or unexpected bequests), or informaion. But even differences in
information do not necessarily lead to trading. Consider investors who have common prior
beliefs about the value of an asset and the initid dlocation of the risky asset is pareto-optimal,
i.e. it is not possble to make an investor better off without making another investor worse off
by changing the dlocaion (=trading). If these investors receive different pieces of private
information about the uncertain vadue of the risky asst, there is heterogenety between
investors and thus a potential for trade. However, when an investor wants to sl us a security,
we can conclude that he has received a bad sgnd about the value of this security. So why
should we buy this security? Therefore, it is possble tha even differences in private
information do not lead to trading volume (no trade theorem; see Milgrom and Stokey
(1982)). Pagano and Roel (1992) provide further details about rational motives for trading.

Common sense suggedts that these rational motives for trade are not sufficient to explain the
high trading volume obsarved in financid markets. Recent theoreticd work in finance
suggests that different beliefs or different opinions across people (e.g. aout the vaue of a



risky asset in the future or about how to interpret public news) may explan high leves of
trading volume (see the next section and Glaser and Weber (2003b)). But why do people have
differing beliefs or opinions? Are ther expectations biased? Are differences of opinion a

result of overconfidence? Inaghts from psychology may provide answers to these questions.

The equity premium puzzle, i.e. socks have a higher risk-adjusted return than bonds (see
Mehra and Prescott (1985)), may be another problem requiring a behaviord explanation. Risk
averson is not aufficent to explain the empirica findings. Benartzi and Thaler (1995) provide
a behaviord explanation based on (myopic) loss averson: If an investor is loss averse and
evauates his portfolio at least every year, he faces a high probability of observing losses and
thus requests a higher risk premium compared to the fully rationd investor who is not
influenced by short-term fluctuations. Barberis, Huang, and Santos (2001) provide a refined
explanation for the equity premium puzzle They Sudy asset prices in an economy with
investors deriving utility not only from consumption but aso from the vaue of ther financid
wedth. Furthermore, they assume investors are loss averse over these changes. Barberis,
Huang, and Santos (2001) thus incorporate central ideas of prospect theory (Kahneman and
Tversky (1979)). Loss aversion is captured by a piecewise linear function that is steeper for
losses than for gains relative to a reference point. Thus, the model does not capture the feature
of the origind versgon of prospect theory with risk averson in the domain of gains and risk
seeking in the domain of losses. In addition, it is assumed that prior outcomes affect the
degree of loss averson. Losses are less painful after gains whereas they are more painful after
losses. This assumption is consgent with the house money effect (Thder and Johnson
(1990)), gamblers increased willingness to bet after gains. Barberis and Huang (2001) extend
this modd by additionaly incorporating a further form of mentad accounting (besdes the
house money effect): Investors ether care about the vaue of their whole stock portfolio or
about the value of each dngle security in ther portfolio and thus ignore correlaions. Note
however that there is some doubt that the equity premium puzzle is (dill) exiging given the
burg of the stock market bubble in recent years and the performance of stocks in Jgpan over
the last 20 years.

Before we concentrate on the overconfidence literature, it is important to stress that
behaviord finance research is ether focused on individua behavior (eg. asset dlocation
within a 401(k) plan) or on the implications for financid market outcomes. In the first case it
is obvious that psychologica research has to be adapted to a different context. In the second
case, psychologica results are needed to explain interactions between investors.



1.3.Behavioral Finance M odels

In this subsection, we will briefly survey recent theoretical behaviord finance literature. The
god is not to discuss every modd that has been published in recent years. Rather, the am is
to present a representative selection of recent behaviora finance theories to show which and
how findings of psychology research are incorporated into standard finance modds. We
restrict our focus on the theoretical behaviord finance literature as recent behaviord finance
surveys offer an in-depth discusson of various empirical findings (see Danid, Hirdhlefer,
and Teoh (2002) and Shiller (1999)).

Table 26.2 presents a summary of recent behaviora finance models that have been published
in some of the leading finance and economics journds (Journd of Finance, Review of
Financid Studies, Journd of Financid Economics, Journd of Financid Markets, Quarterly
Journd of Economics) and ligts the psychologica biases that are modeled. The last column
contains empiricd findings that are explained by the respective modd.

>>>>>>>>> |nsart table 26.2. about here <s<<<<<<<

Table 26.2 shows that the modds can be classified in two ways. belief-based and preference-
based modds. Belief-based modds incorporate findings such as overconfidence, biased sdf-
attribution, conservatism, and representativeness.  Preference-based models use prospect
theory, house money effect, and other forms of mental accounting.

Mogt of the modes shown in Table 26.2 study how overconfident investors affect market
outcomes. Overconfidence is modded as overetimation of the precison of information or,
dated equivdently, underestimation of the variance of information sgnads Some dynamic
models assume that the degree of overconfidence changes over time in the way that it
increases as a function of past investment success due to biased sdf-attribution. As
overconfidence is the most sudied bias in the theoreticd and empirical behaviora finance
literature, we will focus on the overconfidence literature in finance to demondrate the
behaviora finance research methodology. Even though we focus on one particular research
area within behaviord finance, research is not restricted to the aggregate stock market, asset
pricing, or investor behavior. Other gpplications are, for example, corporate finance, financia
contracting, or banking.

10



2. Overconfidence

In this section, we will discuss recent behaviord finance theories more deeply that incorporate
overconfident investors. In the first subsection, we describe the way overconfidence is
modeled and motivated in finance, especidly the implicit assumptions behind the particular
way of modding overconfidence. The discusson of the theoretical overconfidence literature
in finance in the second subsection will point out the most important results of these models.
In the last subsection, we present various endeavors to empiricdly and experimentdly test
these theories.

We do not attempt to provide a comprehensve overview of the psychologicd overconfidence
literature. Chapter 9 surveys psychologica literature on subjective probability calibration. We
only mention the main psychologica findings that are discussed in the finance literature.

2.1. Modeling and Motivating Over confidencein Theoretical Finance

Overconfidence is usualy modeed as overesimation of the precison of private information.
In finance models, the uncertain liquidation vaue of a risky asset is modded as a redization
of a random variable. Assume, the liquidation vaue Vv is a redization of a norma digtribution

with mean 0 and variance s 2

Z,i.e V~N(0,s?2). Some or dl investors receive private
information dgnds s. These dgnds contain information but the dgnds are noisy, i.e they
contain a random error e as wel. Assuming that random varigbles (the didtribution of the
liquidation value, V', and the digtribution of the error term, € ~ N(o,s 2) are independent, the
dgnd < is usudly written as a redization of the random variable S, which is the sum of the
random vaiddles Vand €, i.e S(=V+k>x€)~N(0,sZ+k’Z). The paameter k
captures the finding of overconfidence. Psychologicd <sudies show that people ae
miscdlibrated in the way that their probability digtributions or confidence intervals for
uncertain quantities are too tight (Lichtenstein, Fischhoff, and Phillips (1982) and chapter 9).
If the parameter k is in the intervd [0,1), an investor underestimates the variance of the
ggnd < (or, stated equivaently, underestimates the variance of the error term). If k=0, an
investor even bdieves that he knows the value of the risky asset with certainty. Thus, this way
of modeing overconfidence captures the idea that people overestimate the precison of ther
knowledge, or dated equivdently, underestimate the variance of dgnds or the uncertan

liquidation vaue of an ass4, i.e. their confidence intervals are too tight.
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Although other psychologica research results concerning (mis)cdibration (see chapter 9) are
not ignored in the finance literature, as can be seen in severd introductions of finance articles
(see, for example, Odean (1998), p. 1892), the above way of modeling overconfidence is
judified in the following way: “The foremogs reason is that people usudly are overconfident.
() Mog of those who buy and sdl financia assets try to choose assets that will have higher
returns than amilar assets. This is a difficult task and it is precisdy in such difficult tasks thet
people exhibit he grestest overconfidence. (...) Learning is fastest when feedback is quick and
clear, but in securities markets the feedback is often dow and noisy.” (Odean (1998), p.
1896).

Some models assume that the degree of overconfidence, i.e. the degree of the underestimation
of the variance of Sgnds, is a gable individud trait and is thus constant over time. However,
other models assume that overconfidence dynamicaly changes over time. This assumption is
motivated by psychologicd sudies that find biased sdf-atribution (Wolosn, Sherman, and
Till (1973), Langer and Roth (1975), Miller and Ross (1975), Schneider, Hastorf, and
Ellsworth (1979)): People overestimate the degree to which they are responsible for their own
success. In the finance literature, overconfidence and biased sdif-atribution are sometimes
regarded as datic and dynamic counterparts (Hirshleifer (2001)). In overconfidence modeds
with biased sdf-atribution, the degree of overconfidence, i.e. the degree of overestimation of

the precision of private information, is afunction of past investment success.

Although overconfidence is dmogt exclusvely modeded as overesimation of the precison of
private information, overconfidence models are usudly motivated by a richer set of findings
that are often summarized as overconfidence in the finance literature (although psychologists
treat these as digdtinct concepts). Under this view, overconfidence can manifest itsdf, besides
vaious findings subsumed as miscdibration, in the following forms People beieve that their
abilities are above average (better than average effect; Svenson (1981), Taylor and Brown
(1988)), they think that they can control random tasks, and they are excessvely optimistic
about the future (illuson of control and unredigtic optimism; Langer (1975), Langer and Roth
(1975), and Weingtein (1980)). In a finance journal, Kahneman and Riepe (1998, p. 54),
summarize this motivation of overconfidence as follows “The combination of overconfidence
and optimism is a potent brew, which causes people to overetimate their knowledge,

underestimate risks, and exaggerate their ability to control events.”

However, whether the above mentioned facets of overconfidence are related, is by no means

clear. Some argue that these manifestations are related (see, for example, Taylor and Brown
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(1988), p. 194), others argue that this need not to be the case (see, for example, Bias, Hilton,
Mazurier, and Pouget (2002), p. 9), or even deny a logicd link (see, for example, Hvide
(2002), p. 19). Empiricd evidence on this issue is ill limited. Glaser and Weber (2003b)
corrdlate scores that measure individud differences in the degree of miscdibration, the better
than average effect, illuson of control, and unredidic optimism for a group of individud
invesors. They find tha most of the corrdaions ae indgnificant. Some correation
coefficients are even negdtive. The results of this study cast doubt on whether overconfidence,
as it is used as a moativation in the finance literature, is a stable concept or a generd vadid
phenomenon and that the above mentioned manifestations of overconfidence are related. But
these ae prdiminary results that need further invedtigation. Evidence on this issue is
important, as theoreticd models often incorporate only one facet of overconfidence,
miscalibration, whereas the motivation of this use is based on a variety of possbly unreated
findings and it is unclear which manifetation of overconfidence actudly drives economic
behavior.

At this point of the survey, we want to dress the following explicit and implicit assumptions
of the way overconfidence is modeled in theoretica finance. Static models or modds with
congtant overconfidence over time assume that there are dable individua differences in the
degree of overconfidence, i.e. miscdibratiion. In contrast to these explicit and implicit
assumptions, there is a large debate in the psychologica literature over whether
miscaibration is doman or task dependent or even a datidica illuson (see, for example,
Gigerenzer, Hoffrage, and Kleinbdlting (1991), Klayman, Soll, Gonzdes-Vadlgo, and Barlas
(1999), Zudin, Winman, and Olson (2000), Erev, Wdllgten, and Budescu (1994)) or if there
are dable individua differences in reasoning or decison making competence (see Parker and
Fischhoff (2001), Stanovich and West (1998), and Stanovich and West (2000)).

2.2. Important Resultsand Predictions of Overconfidence M odels

In this subsection, we discuss the most important results of models tha incorporate
overconfident market participants. Due to the page condrants in this survey, we omit a
comprehensve presentation of the precise mechanism of how overconfidence affects the
model predictions. Such a presentation would require a discusson of, for example, the
folowing detaills. market environment, number of trading periods, or number of assets traded.
Invetors in a competitive market environment do not influence the price of assets wheress
other investors in a drategic market environment take into account that their trading behavior

might influence the market price. Moreover, some modds are datic in the way that there is
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only one trading round whereas dynamic modes andyze severa periods. Furthermore,
models have ether one or multiple risky assets that are taded. The interested reader will find
a presentation of various overconfidence models and other behavioral finance modds in the
survey of Hirshlefer (2001).

Table 26.2 shows that most of the overconfidence modds predict high trading volume in the
market in the presence of overconfident traders. Moreover, a the individud levd,
overconfident investors will trade more aggressvely: The higher the degree of overconfidence
of an investor, the higher her or his trading volume. Odean (1998) cdls this finding “the most
robust effect of overconfidence’. DeBondt and Thaer (1995) note that the high trading
volume obsarved in financid markets “is perhaps the dngle most embarrassng fact to the
dandard finance paradigm” and that “the key behaviord factor needed to understand the
trading puzzle is overconfidence’. Apat from the ability to explan high levds of trading
volume, the modds of Benos (1998), Caballé and Sakovics (2003), Kyle and Wang (1997),
Odean (1998), and Wang (1998) make further predictions as well. Odean (1998) finds that
overconfident traders have lower expected utility than rationd traders and hold
underdiversified portfolios. In contrast, Kyle and Wang (1997) find that overconfident traders
might earn higher expected profits or have higher expected utility than rationd traders as
overconfidence works like a commitment device to aggressive trading. Benos (1998) finds
amilar results. However, higher profits of overconfident investors are a result of a firs mover
advantage in his mode. Benos (1998), Caballé and Sakovics (2003), and Odean (1998) show
that the presence of overconfident traders helps explain excess voldility of asset prices, i.e
the fluctuation of asst prices is higher than the fluctuation of the fundamentad vaue This
presentation shows that some predictions are common results of dl modes (the effect of
overconfidence on trading volume) whereas other predictions depend on further assumptions
(e.0. the effect of overconfidence on expected utility).

Hirshlefer and Luo (2001), Kyle and Wang (1997), Wang (2001) show that overconfident
traders may survive in security markets. Danid, Hirshleifer, and Subrahmanyam (1998) show
that overconfidence might present an explanation for the momentum effect and for long-run
reversals of returns whereas the modd of Danid, Hirshleifer, and Subrahmanyam (2001) is
able to generate the vaue/growth effect and the size effect. Gervais and Odean (2001) andyze
how overconfidence dynamicdly changes through time as a function of past investment

success due to a salf-attribution bias.
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2.3. Empirical and Experimental Tests of Overconfidence M odels

There are two points of departure to test the empirical validity of an overconfidence modd:
model assumptions and mode predictions. In the following two subsections we will discuss

empirica and experimenta tests of model assumptions and modd predictionsin turn.
2.3.1. Empirical and Experimental Tests of Model Assumptions

Modd assumptions can be evaduated by experiments and questionnaire studies which andyze
whether individual and indtitutiondl investors do underesimate the variance of stock returns,
overestimate the precison of their knowledge, or how they react to releases of private or
public information. In this subsection we present a few studies which show that investors are
miscaibrated in the context of financid markets.

Kirchler and Macigovsky (2002) is an example of an experiment which andyzes whether
investors overetimate the precison of their knowledge or give too tight confidence intervals
in a maket environment. They expeimentdly investigate individud overconfidence in the
context of an experimental asset market with severa trading periods. Before each period,
overconfidence was measured via subjective confidence intervas and via the comparison of
objective accuracy and subjective certainty. Subjects confidence intervals were too tight
indicating overconfidence whereas according to the comparison of objective accuracy and

subjective certainty the same people can sometimes even be classified as underconfident.

Hilton (2001) surveys questionnaire studies which andyze exchange rate and stock price
predictions. These dudies find too narrow confidence intervas. Another example of a
guesionnaire sudy that anadyzes whether financid markets participants or  financid
professonds underestimate the variance of stock returns is by Graham and Harvey (2002).
They study expectations of stock market risk premium as well as ther volatility esimates in a
pand survey. On a quarterly bass, Chief Financia Officers of U.S. corporations are asked to
provide their estimates of the market risk premium as well as upper and lower bounds of 90
percent confidence intervas of this premium. Graham and Harvey (2002) find that, compared
to higoricd dandard deviations of one-year stock returns, Chief Financid Officers

underestimate the variance of stock returns and are thus very confident in their assessments.

Summing up, the above mentioned studies show that it is a reasonable modding assumption
that investors are miscdibrated by underestimating stock variances or equivaently by
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overestimating the precison of their knowledge. Note that this is the way how overconfidence
ismodeed in the finance literature.

2.3.2. Empirical and Experimental Tests of Modd Predictions

Mode predictions can be tested in severd ways. We dructure these various endeavors as

follows

1 Predictions concerning trading behavior and investment performance of (individua
and indtitutiond) investors.

2 Predictions concerning market outcomes.
Predictions Concer ning Behavior and Performance of Investors

The mog important prediction in category 1 is that trading volume increases with an
increesing degree of overconfidence. The above mentioned predictions can be tested by
andyzing the following data from the fidld or from experiments:

a) Andydssof market levd data, such as returns and trading volume.
b) Anayssof trading behavior of investors.

c) Correlaion of proxies or measures of overconfidence on the one hand and economic

variables such as trading volume on the other hand.

We will discuss thee three posshilities in turn while focusng on the above mentioned
hypothesis concerning overconfidence and trading volume.

Statman, Thorley, and Vorkink (2003) and Kim and Nofsinger (2002) are examples of group
a). Statman, Thorley, and Vorkink (2003) use U.S. market data to test the hypothess that
overconfidence leads to high trading volume. They test dynamic modes predicting that after
high returns subsequent trading volume will be higher as investment success increases the
degree of overconfidence. They find that high current stock trading volume is associated with
high stock returns in the previous weeks. Statman, Thorley, and Vorkink (2003) argue that
this finding supports the hypothess as high returns make investors overconfident and they
will, as a consequence, trade more subsequently. Kim and Nofsnger (2002) confirm these
findings usng Jgpanese maket level data They identify stocks with varying degrees of
individud ownership to test the hypothess and discover higher monthly turnover in stocks
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held by individud investors during the bull market in Jgpan. Moreover, high past returns in
both studies might be interpreted as a proxy of overconfidence as stated in group ).

Odean (1999) & an example of group b). He andyzes the trades of 10,000 individuas with
discount brokerage accounts. He finds that these investors reduce their returns by trading and
thus concludes that trading volume is excessve — a finding which is condgent with
overconfidence models and thus indirect evidence in favor of the above mentioned

hypothesis.

The Baber and Odean (2001) sudy is a further example of group c). Ther proxy for
overconfidence is gender. In the paper, they summarize psychologica sudies that find a
higher degree of overconfidence among men than among women. Consequently, they
partition their data set which consst of 35,000 households from a large discount brokerage
house on gender and find that men trade more than women which is consget with

overconfidence models.

All the above mentioned studies share the shortcoming that overconfidence is never directly
obsarved. The evidence in favor of overconfidence models is ether indirect, as in Odean
(1999), or uses only crude proxies for overconfidence (past returns, gender). A direct test of
the hypothess that a higher degree of overconfidence leads to higher trading volume is the
correlation of mesasures of overconfidence and measures of trading volume as mentioned in

©). In thefollowing, we will discuss two recent studies that use this approach

Glaser and Weber (2003b) directly test the hypothess that overconfidence leads to high
trading volume by andyzing trades of individud investors who have online broker accounts.
These investors were asked to answer an internet questionnaire which was designed to
measure various facets of overconfidence (miscdibration, the better-than-average effect,
illuson of control, unredigic optimism). They test the hypothess by corrdating individud
overconfidence scores with severd measures of trading volume of these individud investors
(number of trades, turnover). The measures of trading volume were caculated by the trades of
215 individud investors who answered the questionnaire. Glaser and Weber (2003b) find that
investors trade more if they beieve that they are above average in terms of investment skills
or past performance. When redlized returns are used as a proxy for investment skills, investors
overedimate ther relative podtion within the group of investors. Measures of miscalibration
are, contrary to theory, unrdated to messures of trading volume. This result is driking as

theoreticd modes that incorporate overconfident investors model overconfidence as
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underestimetion of the variance of dgnds i.e miscdibration. The results hold even when
severd other determinants of trading volume are controlled for in a cross-sectiond regresson
andyss.

Bias, Hilton, Mazurier, and Pouget (2002) andyze experimentaly if psychologicd traits and
cognitive biases affect trading. Based on the answers of 184 subjects (Students) to a
psychologicd questionnaire they measured, among other psychologicd trats, the degree of
overconfidence via cdibration tasks. The subjects dso participated in an experimenta asset
market afteewards. Bias, Hilton, Mazurier, and Pouget (2002) find that overconfident
subjects have a greater tendency to place unprofitable orders. However, their overconfidence
measure —the degree of miscdibration is unrdated to trading volume. Contrary to

predictions of overconfidence models, overconfident subjects do not place more orders.

Why is miscdibration not podtivey reaed to trading volume as predicted by
overconfidence modes? One important point to remember is that the link between
miscdibration and trading volume has never been shown or even andyzed empiricdly or
experimentaly. Overconfidence modds are motivated by psychologica sudies which show
that people are generdly miscdibrated or by empiricd findings that are consgtent with
miscdibrated investors, such as high trading volume. But there might be other biases that are
able to explan the same empiricd findings when implemented in a theoreticd modd. This
shows the importance of andyzing the link or correlation between judgment biases and
economic variables such as trading volume as the only way to test which bias actudly
influences economic behavior. Furthermore, there are other reasons tha might explain the
falure of miscdibration scores in explaining volume. In the psychologica literature, there is a
debate over whether miscdibration is domain or task dependent or even a datigticd illuson
(see chapter 9). If miscdibration is not a dable individud trat or if the degree of
miscdibration depends on a specific task then it is no surprise that the above mentioned
dudies are unable to empiricdly confirm the hypothess that a higher degree of miscalibration
leads to higher trading volume. Glaser and Weber (2003b) contains an enlarged discussion of
these points and further possble explanations and interpretations of the result that

miscalibration scores are unrelated to measures of trading volume.
Predictions Concerning Market Outcomes

In the remainder of this section, we discuss how predictions of overconfidence models in
group 2 can be tested. For example, in the modd of Danid, Hirshlefer, and Subrahmanyam
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(1998) the momentum effect is a result of the trading activity of overconfident traders. One
implication of ther modd is that momentum is srongest among stocks that are difficult to
evauate by investors. One example for such stocks are growth stocks with hard-to-vaue
growth options in the future. Danid and Titman (1999) confirm this implication. They find
that momentum is dronger for growth stocks. If disagreement of investors about the future
performance is stronger among hard-to-vaue stocks and if trading volume is a measure of this
dissgreement then a further implication of the Danie, Hirshleifer, and Subrahmanyam (1998)
model is a dronger momentum effect among high-volume socks. This finding is confirmed
by Lee and Swaminathan (2000) and Glaser and Weber (2003a) using turnover, the number of
shares traded divided by the number of shares outstanding, as a measure of trading volume
momentum is stronger among high-turnover stocks.

3. Summary and Open Questions

Behaviord finance has become widely accepted among finance academics. It is nether a
minor subdiscipline nor a new paradigm of finance. Behaviord finance tries to improve
exiging modds via more redigdic assumptions. Thus, behaviord finance follows the
traditiond way of financid modding that incorporates red world imperfections such as
transaction codts, taxes, or asymmetric information on the one hand or observed trats of

individuas such as risk averson on the other hand into finance modedls.

Naturdly, behaviord finance has drawn some criticism: “My view is that any new mode
should be judged (...) on how it explains the big picture. The question should be: Does he
new modd produce reectable predictions that capture the menu of anomalies better than
market efficiency? For exiging behaviord modds, my answer to this question (perhaps
predictably) is an emphatic no.” (Fama (1998), p. 291). In other words, behaviord finance
models are currently not able to replace traditionad finance theory. One reason for this
concluson is given by Frankfurter and McGoun (2002, pp. 375-376): “Even the supposed
proponents of behaviord finance, however, are margindizing themsdves by dinging to the
underlying tenets, forms, and methods of the dominant paradigm. (...) Although ‘behaviord
finance sounds as if it would be a new methodology or even a sgnificant new paradigm for
ressarch in financid economics, behaviord finance has never been, and looks as if it may

never be, either.”

Thaer (1999, p. 16) predicts the end of behaviord finance as all financid theorigs will
sooner or later incorporate redistic assumptions: “I predict that in the not-too-distant future,
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the term ‘behaviord finance will be correctly viewed as a redundant phrase. What other kind
of finance is there? In thar enlightenment, economists will routindy incorporate as much
‘behavior’ into their modds as they observe in the red world. After dl, to do otherwise would
beirrationd.”

Behaviord finance as a field is a rather young enterprise which has proved its usefulness by
fird results but which dill has some way to go. On the levd of individud decison making in
markets, eg. individud or professond investors behavior, we have quite a large amount of
knowledge. A large pat of this knowledge stems from psychological research which tries to
answer dmilar questions. On the level of aggregate variables, like market prices or trading
volume, we know less. As these variables are centrd for research in finance, ultimatdy,
behaviora finance will have to prove its ussfulness here as wel. To make further progress, it
will be necessxry to devedop financid modds which are based on dternative, behaviord
assumptions of decison making. The chdlenge will be to show that these new models come
up with predictions different from dsandard financid modes and that these dternative

predictions win over predictions from standard theory.

We conclude with some thoughts on how research in behaviord finance might become even
more successful. From the perspective of psychology, it would be helpful to extend the
ressarch program beyond individud decison making by investigating problems or open
guestions which are centrd to a financid (or economic) context. Examples are, drategic and
dynamic interaction of economic agents in markets, decison meking in organizations or
principle-agents Situations.

For research in finance, it would be helpful to read more carefully what psychologis have
found. As we demongrated in the case of overconfidence, researchers in finance want truths
from psychologists which are as smple as possble. The truths have to be smple, because
otherwise financid models get too complex. By dudying the psychologicd literature,
researchers in finance have to extract those findings which are robust as wdl as ussful for
modeling purposes. Clearly, it would be best to join forces from both disciplines to further
enhance behaviord finance which fter dl isan interdisciplinary fied of research.
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Figure 26.1: Two approaches of Behaviord Finance

This figure shows the two approaches of behaviord finance. In the first approach, the starting
points ae rexults from psychology describing human behavior in certan  economic
circumgtances. These results are used to build new modes to explain market observetions. In
the second approach, empirical deviations from predictions based on traditiond finance
theory are observed. Then, psychological results of individua behavior are screened to find
an explanation for the observed market phenomena.

psychology: incor por ate mar ket pricesand
individual behavior into model transaction volume
rational (frictions) or find market:
from psychology lanati detect anomalies and
SPIENAUONS | % dividual behavior

Table 26.1: Reative and absolute trading volume in mgjor stock markets (2002)

This table contains the absolute trading volume (in US$ trillions) and the rdative trading
volumein percent of market capitalization (turnover) for five sock marketsin 2002.

US UK Japan Germany France

trading volumein US$trn | 10.31 4.00 1.57 121 1.10
% market capitdization 100 215 70 180 115
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Table 26.2: Behaviord Finance Modds

This table presents a survey of behaviora finance modes that have been published in the five years from 1998 until 2002 in some
leading journds that regularly contain behaviord finance research (Journd of Finance (JF), Journd of Financid Economics
(JFE), Review of Financid Studies (RFS), Journd of Financid Markets (JFM), Quarterly Journa of Economics (QJE)). The table
shows the psychologica finding that is incorporated into the model (column four) as wel as the empiricd findings that these
modds are able to explain (column five).

Year Authors Journal  Evidence from psychology Important findings and model predictions
2001 Barberis/Huang JF Mental accounting (individual stock Equity premium, excess volatility,
vs. portfolio accounting), prospect value/growth effect
theory
2001 Barberis/Huang/Santos QJE Prospect theory, house money effect Equity premium, excess volatility, time-series
predictability of stock returns
2001 Danid/Hirshleifer/Subrahmanyam JF Overconfidence Cross-sectional return predictability
2001 Gervais/Odean RFS Overconfidence, biased self-attribution High trading volume, higher trading volume
after investment successes
2001 Hirshleifer/Luo JFM Overconfidence Survival of overconfident investorsin
competitive security markets
1998 Barberis/Shleifer/Vishney JFE Conservatism, representativeness Positive short-lag autocorrel ation, negative
heuristic long-lag autocorrelation, value/growth effect,
event-based return predictability
1998 Benos JM Overconfidence High trading volume, excess volatility
1998 Daniel/Hirshleifer/Subrahmanyam JF Overconfidence, biased self-attribution Positive short-lag autocorrel ation, negative

long-lag autocorrel ation, excess volatility,
event based return predictability

1998 Odean JF Overconfidence High trading volume
1998 Wang JFM Overconfidence High trading volume
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