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Introduction 

1. Noise 

Reference: 

Black, Fischer (1986) “Noise,” Journal of Finance 41, 529-43. 

Knight, Frank H. (1921) “The Meaning of Risk and Uncertainty,” Part III, 

Chapter VII from Risk, Uncertainty, and Profit. Boston: Houghton and Mifflin. 

Online edition: http://www.econlib.org/library/Knight/knRUP.html. 

Taleb, Nassim Nicholas (2001) Fooled by Randomness: The Hidden Role of 

Chance in the Markets and in Life. New York: Texere. 

But wise men perceive approaching things 

Because gods perceive future things, men what is happening now, but 

wise men perceive approaching things. 

Philostratus, Life of Apollonius of Tyana, VIII, 7. 

“Men know what is happening now. 

The gods know the things of the future, 

the full and sole possessors of all lights. 

Of the future things, wise men perceive 

approaching things.  Their hearing 

is sometimes, during serious studies, 

disturbed.  The mystical clamor 

of approaching events reaches them. 

And they heed it with reverence.  While outside 

on the street, the people hear nothing at all.” 

--Constantine P. Cavafy (1915), Greek poet (1863-1933) 
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Noise versus information (noise versus signal) 

 

Source: Taleb (2001, p. 3). 

Noise is what makes our observations about the real world imperfect 

When trying to draw inferences from observations, individuals are faced 

with a signal extraction problem 

The lower the signal-to-noise ratio, the harder it is to extract 

information from observations 

The process of extracting information from noise is called filtering (see 

figures below). 
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Source: Taleb (2001, p. 167). 

Individuals frequently make decisions based on noise rather than information 

(signal) 

Individuals who cannot distinguish between noise and information are 

called noise traders 

Individuals who are able to distinguish signal from noise, we call informed 

investors 

Informed investors trade less frequently than noise traders, because 

information is a strict subset of the union of noise and information. 
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Noise in asset prices 

When we think of a financial asset, we think of the log prices following a 

continuous sample path in time, p t( ) 

The stochastic process p t( ) can be described by 

p t t B t( ) ( )      

where B t( ) is standard Brownian motion, and  ,  describe the 

(mean and standard deviation of the) normal distribution of the log 

returns of the asset in question 

In Monte Carlo studies we can trace out sample paths of asset prices, 

called histories 

From a high number of (an infinite number of possible) histories, we 

can draw statistical inferences about the wealth a given asset 

(portfolio) generates for an investor over time 

Assume a financial asset with an expected excess (i.e., in 

excess of the risk-free rate of return) return ( ) of 15 percent 

and a standard deviation ( ) of 10 percent 

Given these risk-return characteristics, we expect close to 68 

out of 100 sample paths to fall within a band of plus and 

minus 10 percent around the 15 percent excess return 

A 15 percent return per annum with a 10 percent standard 

deviation translates into a 93 percent probability of making 

money in any given year (probability of “being up” for the 

year) 

However, seen on a narrow time scale, this translates 

into a mere 50.02 percent probability of making money 

over any given second (see the following table). 
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Source: Taleb (2001, p. 57). 

Thus, watching a portfolio over a narrow time 

increment reveals next to nothing. 
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Human decision-making is plagued with errors, some of which are listed 

below, and some more we address in the subsequent chapters “Heuristics 

and Biases (Descriptive Analysis of Decision-Making I)” and “Choice, Values 

and Frames (Descriptive Analysis of Decision-Making II)” 

The with-without principle 

Assume that the Federal Reserve keeps cutting interest rates in response 

to a slowing economy, yet, the economy keeps slowing 

“The interest rate cuts prove ineffective” is a frequent journalistic 

comment in times of monetary easing in the face of economic 

slowing 

A correct analysis would have to compare the economic 

situation in question with one in which the Federal Reserve did 

not cut interest rates (and in which the economy possibly would 

have slowed even more). 
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Related to the with-without problem is the problem of hidden success 

Success often times does not go on record because it is hidden 

The Bank of Japan of giving cause (or at least, exacerbating) to the 

asset price bubble that Japan experienced in the late 1980s 

The Bank of Japan defended itself as follows (Yutaka 

Yamaguchi, 1999, Asset Price and Monetary Policy: Japan’s 

Experience, Symposium “New Challenges for Monetary Policy”, 

Federal Reserve Bank of Kansas City, 

http://www.kc.frb.org/PUBLICAT/SYMPOS/1999/S99yama.htm): 

“Japan’s inaction was not without reasons, as inflation 

was almost nil, but was read as expressing our emphasis 

on international cooperation.  A bizarre argument gained 

strength that Japan, as the largest creditor, maintain low 

rate as the cornerstone for global stability and growth.  

Easy money was also regarded necessary to achieve a 

national economic goal of the day: reduction of external 

surplus through growth of domestic demand. 

“For all of these reasons, policy-makers felt that, for their 

actions to gain public support, they would need 

absolutely solid evidence of inflationary potential building 

up.  When such evidence finally emerged in 1989, they 

quickly seized the moment to reverse the policy.  Inflation 

picked up but peaked in 1990-01 at mid-3 percent.  On 

the basis of the inflation track record, I would conclude 

that pre-emptive policy to achieve sustained price 

stability would probably have been desirable but must 

have been very hard to initiate.  Professors Bernanke 

and Gertler indicated in their simulation results that the 

Bank of Japan should have raised short-term interest 
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rates to 8 percent in 1988 and even higher in the 

following years.  But all through 1988 inflation was pretty 

close to zero.  I don’t see how a central bank can 

increase interest to 8 or 10 percent when we don’t have 

inflation at all.” 

Had the Bank of Japan hiked the short-term interest as 

drastically as suggested by Bernanke and Gertler, it would 

for sure have attracted harsh criticism from the business 

community and politicians for strangling an otherwise healthy 

economy 

Sadly enough, assume that Bernanke and Gertler are 

right in that the Bank of Japan should have hiked interest 

rates drastically at a time where real growth was high and 

stable and the rate of inflation was low and stable.  The 

success the Bank would have achieved in preventing the 

stock market bubble, which popped in early 1990 and 

has put a drag on Japan’s economic growth to this day, 

would have never been recognized. 
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False implications 

From logic we know: 

( ) ( )A B A B    

Note that ( )A B  tells us nothing about whether (B A ) is 

empirically true 

For instance, the statement 

“If conditions are right, I will close on the contract” 

contains no information on what the individual will do if 

conditions are not right. 

Type I and type II errors 

In judging the information content of predictions, it not only matters how 

often someone is right, it also matters how often someone is wrong 

After stock market crashes newspapers are full of reports about 

self-proclaimed gurus who “predicted” (prophesized) the crash 

If someone keeps predicting that a stock market crash is 

imminent, he will eventually be right (presumed he lives long 

enough) 

Note that even a broken clock tells the correct time twice a 

day. 
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Survivorship bias 

We heard of Alexander the Great and Julius Cesar because they took 

considerable risk and ended up succeeding in their endeavors 

How about other people in history who were equally intelligent and 

courageous but happened to be unlucky? 

Unfortunately, the history of the unlucky remains unwritten. 

Heroes are heroes because they are heroic in behavior, not 

because they won or lost 

It is the generator that matters, not the result 

For instance, people tend to call investors successful 

because they make money (result), not because they have a 

superior investment strategy (generator), thus ignoring the 

role of chance and the survivorship bias 

Many of those that have an equally foolish investment 

style have gone broke, which introduces a bias when the 

investment strategy’s performance is measured by the 

performance of the survivors. 

Causality or common cause? 

Taleb (2001, p. 53) nicely illustrates the problem when writing … 

“On the rare occasion when I boarded the 6:42 [a.m.] train to 

New York I observed with amazement the hordes of depressed 

business commuters (who seemed to have preferred to be 

elsewhere) studiously buried in the Wall Street Journal …  

Indeed it is difficult to ascertain whether they seem depressed 

because they are reading the newspaper, or if depressive 

people tend to read the newspaper, or if people who are living 

outside their genetic habitat both read the newspaper and look 

sleepy and depressed” 
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The problem “causality or common cause?” is particularly thorny when 

one observation precedes the other 

It is widely accepted that periods of high rates of growth of 

monetary aggregates (e.g., M2, MZM) precede periods of high 

rates of inflation 

The regularity at which inflation follows money growth led Nobel 

laureate Milton Friedman conclude that “Inflation is always and 

everywhere a monetary phenomenon” 

Fisher Black (1987) argues that individuals might respond to 

higher rates of expected inflation with higher money demand 

For the naïve observer, it looks as if money growth 

caused inflation, although money growth and inflation 

have a common, hidden cause. 

Observational equivalence 

Two (or more) possibly very different processes might generate identical 

data 

For instance, both collusion (in an oligopolistic market) and perfect 

competition generate the same price observations, both from a 

static and from a dynamic perspective 

The fact that gas prices are identical (and, consequently, move 

simultaneously) across gas stations in a given neighborhood 

conforms both with perfect competition and with collusion 

Ironically, if gas prices are not identical or do not move 

simultaneously then there is indeed reason to believe that 

perfect competition does not apply, yet, journalists often take 

this as a sign that competition works. 
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Be conservative! 

Which of the following is a random process more likely to generate? 

+,+,+,+,+,+ 

+,-,+,-,+,-,+ 

Clearly, a random process generates the top series with the same 

probability as the bottom series 

Do a couple of hot summers give proof of global warming? 

 

Source: The New York Times, Saturday, December 8, 2001. 

Do a couple of positive earnings surprises warrant a rating 

upgrade, e.g., to “strong buy” from “buy”? 

See the chapter “Predictability of Corporate Earnings.” 
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Do a couple of years of above-average productivity growth rates 

tell about a “new economy”? 

 

Source: National Economic Trends, Federal Reserve 

Bank of St. Louis, November 2001. 

Note that the geometric mean in annual growth rates of U.S. 

labor productivity over the period 1947-2000 runs at about 

2.2 percent. 
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Also, random series rarely look random 

The following graph shows a square country that is divided into 

100 million (10,000 by 10,000) squares, all of which are 

inhabited by one citizen 

I randomly chose five squares for nuclear power plant 

location (drawn without replacement; plus signs) 

I also randomly chose 250 of the country’s citizens to fall ill 

from leukemia (drawn without replacement; solid circles) 

Note the (random) clusters of cancer patients 
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Selection bias 

On January 2nd you get a letter from a manager of an offshore fund in 

which he gives testimony of his market timing abilities by informing you 

that the market will go up during the month; the prediction turns out to be 

true 

Then you receive another letter on February 1st telling you that the market 

will go down, which again proves to be true 

Then you get another letter on March 1st, … 

After a couple of months, intrigued by the accuracy of the predictions, you 

are ready to invest into the fund 

You put all your savings in the fund, just to see your money melt 

away like snow in the sun. 

What happened? 

The con operator started out sending 10,000 letters to addresses 

he took out of the phone book; 5,000 letters predicted a market 

decline, 5,000 predicted a rise 

Those (and only those) who had received the correct prediction for 

January, received a letter with a prediction for February; again half 

the letters predicted a decline, half of them predicted a rise; and so 

on. 
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Remain skeptical! 

“A man may act upon an estimate of the chance that his estimate of 

the chance of an event is a correct estimate.  To be sure, after the 

decision is made he will be likely to sum all up in a certain degree 

of confidence that a certain outcome will be realized, and in 

practice may go farther and assume that the outcome itself is a 

certainty.” 

Frank Knight (1921, III.VII.41) 

Knight points out that our judgement on the likelihood of events is prone to 

error, and might change after the decision-making, which can lead to 

probability blindness 

Related to Frank Knight’s skepticism about judgement calls is Karl 

Popper’s skepticism about scientific evidence 

According to Karl Popper, there are two types of theories: 

Theories that are known to be wrong, as they were tested and 

adequately rejected (falsified). 

Theories that have not yet been known to be wrong, not falsified 

yet, but are exposed to be proved wrong. 

In summary, investors should be skeptical about quantitative models of 

risk management (such as Value-at-Risk, VAR) 

There is the risk that is captured by the model, but there is also the 

risk that this model is inadequate (and doomed to be falsified by the 

data). 
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Bayesian inference 

Bayesian inference is not always intuitive, which leads to poor updating 

of beliefs to new information 

Taleb (2001, 154-156 “Kafka in a Courtroom”) reports that during 

the O.J. Simpson trial, one of the defense lawyers (and Harvard 

professor!) presented the argument that only 10 percent of men 

who brutalize their wives (which O.J. did for a fact) go on to murder 

them 

Bayesian inference suggests that this statement is a grossly 

inadequate perspective 

In fact, the probability that O.J. is the murder equals 

 s m
sm

m

j

q
   

0.1

0.2
0.5 

where … 

s  is the state that the woman was murdered by her 

husband; 

m  is the message that the murdered wife was previously 

brutalized by her husband (but not necessarily murdered 

by him); 

 s m  is the probability that the husband is the murderer 

given the information that he previously brutalized her; 

j sm ( 10 percent)  is the joint probability of murder and 

physical marital abuse mentioned by the lawyer; 

q m ( 20 percent)  is the probability that murdered 

women were brutalized by their husbands (but not 

necessarily killed by them). 
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Another, must less intuitive example is the Monty Hall Problem, 

which is named after the TV game show “Let’s Make a Deal,” that 

used to be hosted by Monty Hall but has been taken off the air; see 

http://math.rice.edu/~ddonovan/montyurl.html 

The contestant is given the opportunity to select one closed 

door of three, behind one of which there is a prize; the other two 

doors hide goats (“no prize”) 

Once the contestant has made her selection, Monty Hall opens 

one of the remaining doors, revealing that it does not contain 

the prize 

Monty Hall then asks the contestant if she would like to switch 

doors 

Although it is not intuitive (to most people), the contestant 

should switch! 

There are two ways to go about the problem (assuming that the 

contestant chose door #1 and Monty Hall opened door #2) 

First, remember that the unconditional probability that the 

prize is behind door #1 equals 1/3; given that the prize is not 

behind door #2, the probability that the prize is behind door 

#3 equals 2/3 

Secondand more elegantlyapply Bayesian inference to 

update your belief 

 s m
sm

m
s

m s

m

j

q

q

q



   

where  s  is the prior probability of state s  and q m s  is 

the probability of receiving message m  (“#2 is empty”) if 

state s  is true 
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The solution to the Monty Hall problem is presented in the 

following table 

Note the column 4 (of 5) is the product of columns 2 and 

3 

Note the column 5 is the ratio of column 4 and 

q jm s m

s

 



  

1

3

, which is the number at the bottom of 

column 4 

 

Source: Hirshleifer, Jack, and John G. Riley (1992) “The 

Analytics of Uncertainty and Information,” Cambridge (UK): 

Cambridge University Press, p. 178. 
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Skewness of returns 

The words bullish and bearish make no sense when stock market 

returns are skewed 

If stock market returns are normally distributedas is typically 

assumed in asset pricing modelsthe return distribution is 

symmetric (around the mean) 

We know that, compared to the normal distribution, stock market 

returns have fat tails, especially on the downside 

Sharp stock market declines (crashes) are more common than 

suggested by the normal distribution while, at the same time, 

there are no comparable price movements on the upside. 

The figure below shows an example of an investor who thinks that the 

marketmost likelywill go up, yet the investor shorts the market, 

which makes the terms bullish and bearish meaningless 

 

Source: Taleb (2001, p. 88). 
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Rare events and the peso problem 

The probability of rare and extreme events is hard to gauge, simply 

because they have no precedent 

Rare events might be of such extreme consequences that they cast a 

shadow on today’s asset prices and make markets look flawed (i.e., 

make assets look mispriced) in spite of their low probability of 

happening 

Such an economic situation is called a peso problem, a term that is 

frequently attributed to Nobel laureate Milton Friedman in 

comments he made about the Mexican peso market of the early 

1970s 

In the early 1970s, the exchange rate of the peso was pegged 

vis-à-vis the U.S. dollar, as it had been since 1954 

At the same time, the interest rate on Mexican bank deposits 

exceeded the interest rate on comparable U.S. bank deposits 

This looked like a flaw, since investors could borrow at the low 

interest rate in the United States, convert dollars into pesos, 

deposit the pesos in Mexico and at maturity convert back the 

investment into U.S. dollars at the same exchange rate 

The interest rate differential signaled concerns of investors 

about a devaluation of the peso, whichwhile appearing 

unlikelywould be extreme 

The skeptical investors were vindicated when the peso lost 

46 percent of its value vis-à-vis the U.S. dollar after it was 

allowed to float. 
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Regime switching 

Relations that seem stable during “normal times” might change in 

times of crisis 

This is particularly important for risk management strategies, such 

as VAR (value-at-risk) 

Such risk management strategies are developed during normal 

times for times of crisis 

In times of crisis, the relations these risk management strategies 

rely on might not exist, or might look very different 

“During the last five or so years, value-at-risk (VAR) has 

become an accepted standard in the financial industry.  It 

forms the basis for determining a bank’s regulatory 

capital for market risk … This approach … assumes that 

the future movements in risk factors are similar to past 

movements … Correlation patterns and variances, 

however, are not stationary, especially when market 

prices move dramatically.  Factors that might exhibit low 

levels of correlation or association most of the time 

appear to be highly correlated in volatile times.  When the 

value[s] of nearly all asset classes are moving in 

lockstep, diversification is not helpful in reducing risk.  

The actual realized correlation patterns appear to be 

close to 1.  In these times, the volatility of profit and 

losses will be far greater than VAR would predict.” 

Myron R. Scholes (2000, “Crisis and Risk 

Management,” American Economic Review, Papers 

and Proceedings, Vol. 90, p. 17-21). 
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The Lucas critique 

Nobel laureate Robert Lucas put forward an argument in the 1970s 

that Frank Knight (1921, III.VII.8) described as follows 

“We must infer what the future situation would have been 

without our interference, and what change will be wrought in it 

by our action.” 

Julian E. Barnes (2001, “A Bicycling Mystery: Head Injuries Piling 

Up,” The New York Times, July 29, 2001, http://www.nytimes.com) 

reports a change in the data-generating process after bicyclists 

were encouraged to wear helmets 

If the risk attitude of bicyclists had not changed, the introduction 

of helmets would have reduced the number of head injuries 

Rather, the absolute and the per-mile numbers of head injuries 

increased, possibly because helmet-wearing bikers started 

riding in a more risky manner due to a false perception of safety 

In fact, the data-generating process changed because we 

started making it part of (health) risk management. 
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Introduction 

2. Expected Utility (Normative Analysis of Decision-Making) 

References: 

Neumann, John von, and Oskar Morgenstern (1944) Theory of Games and 

Economic Behavior, (2nd ed. 1947), Princeton (NJ): Princeton University 

Press. 

Milgrom, Paul, and John Roberts (1992) Economics, Organization and 

Management, Englewood Cliffs (NJ): Prentice-Hall. 

Varian, Hal R. (1992) Microeconomic Analysis, 3rd ed. New York: Norton. 

The classic way of modeling decisions under uncertainty is the expected utility 

approach 

The axiomatic foundations of expected utility were developed by John von 

Neumann (1903-1957) and Oskar Morgenstern (1902-1976) 

Expected utility is a normative approach in that it predicts human behavior 

under the presumption of rationality 

Actual human behavior might differ from the behavior predicted by 

expected utility 

Note that behavior different than predicted by expected utility need 

not be irrational 

In fact, the notion of irrational behavior is nihilistic because it does 

not offer an explanation for why the world is the way it is 

A constructive approach to explaining seemingly irrational behavior 

is the concept of bounded rationality, devised by the psychologist 

Herbert A. Simon (1916-2001), who was honored with the 1978 

Nobel Prize in economics. 
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Expected utility property 

Assume that an individual faces a lottery with two possible outcomes: 

Wealth x  with probability p p (0 1)   and wealth y  with probability 1 p  

The expected utility property reads: 

( (1 )  )  ( ) (1 ) ( )u p x p y p u x p u y        

where  (1 )  p x p y    is the lottery. 

The utility an individual draws from the lottery equals the expected value 

of the utilities of the outcomes. 
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Example 

Imagine an individual is offered the following deal: 

$50 of wealth for certain (the “safe project”), or a lottery with equally 

likely outcomes of $25 and $75 of wealth (the “risky project”) 

Note that both projects have the same expected value 

According to the expected utility property, the individual draws the 

following utility from the lottery: 

u u u( 
1

2
$25

1

2
$75 )  

1

2
($25)

1

2
($75)       

We know that the individual draws the utility u ($50) from having a wealth 

of $50 for certain 

If the individual is indifferent about the certain payment and the lottery, she 

is risk-neutral: 

u u u($50)
1

2
($25)

1

2
($75)     

If the individual prefers the certain payment (the “safe project”), she is 

risk-averse: 

u u u($50) >
1

2
($25)

1

2
($75)    

If the individual prefers the lottery, this person is risk-seeking: 

u u u($50) <
1

2
($25)

1

2
($75)   . 
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Graphical illustration of risk aversion 

 

Source: Varian (1992, p. 178). 

The vertical difference between the utility of the safe outcome, 

u x y( 
1

2
 

1

2
  ) , and the utility of the lottery, 

1

2
 ( )

1

2
 (  )u x u y , is due to a risk 

premium 

The risk premium equals the horizontal distance between the straight and 

the concave lines at 
1

2
 ( )

1

2
 ( ) u x u y  

Degrees of risk aversion 

As the above figure shows, risk aversion results from the concavity of the 

expected utility function, 



 

2

2

( )
 :  ( )

u w

w
u w  

Based on this concavity, two measures of degrees of risk aversion have been 

defined by Arrow (1970) and Pratt (1964): 

Arrow-Pratt measure of absolute risk aversion: 

r w
u w

u w
( )

( )

( )

 


 

Arrow-Pratt measure of relative risk aversion: 

~r w
w u w

u w
( )

( )

( )
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Constant relative risk aversion (which implies declining absolute risk aversion) 

is a reasonable assumption in many applications 

Frequently, the assumption of constant absolute risk aversion is made to 

keep the math tractable 

For marginal changes in wealth, this assumption may be sufficiently 

accurate. 
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Certainty Equivalent 

The certainty equivalent is the amount of wealth generated by the safe 

outcome that the individual views as equally valuable as the lottery 

For instance, in the above example the individual might have the following 

preferences: 

u u u($30)
1

2
($25)

1

2
($75)     

The certainty equivalent is $30, because this is the amount of wealth of 

the safe outcome that gives the individual the same utility as the 

lottery. 

Calculus offers a straightforward approximation to the certainty equivalent, 

which is helpful in many applications 

Let u x( ) be an individual’s expected utility function; define x  as the 

wealth x  for which the individual’s utility equals the utility of the lottery: 

u x u x( ) E[ ( )]   

The wealth x  is the certain value (e.g., $30) that the individual regards 

as equivalent to the lottery, which generates an uncertain (stochastic) 

wealth x  (e.g., $25 or $75, each with probability 1/2). 

According to Taylor’s theorem, the value of the expected utility function at 

any point z , E[ ]z x , equals: 

u z u x z x u x z x u x R z( ) ( ) ( ) ( )
1

2
( ) ( ) ( )2         

Setting R z( ) equal to zero leads to a second-order Taylor-series 

approximation: 

u z u x z x u x z x u x( ) ( ) ( ) ( )
1

2
( ) ( )2        
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Applying the expected value operator yields: 

E[ ( )] ( ) E[( )] ( )
1

2
E[( ) ] ( )2u z u x z x u x z x u x        

     E[ ( )] ( )
1

2
E[( ) ] ( )2u z u x z x u x  (1) 

because of E[( )] 0z x  , by definition. 

Similarly, we can employ Taylor’s theorem at the point z x   (at the certain 

wealth): 

u x u x x x u x x x u x R x( ) ( ) ( ) ( )
1

2
( ) ( ) ( )2            

Applying a first-order Taylor-series approximation yields 

u x u x x x u x( ) ( ) ( ) ( )      (2) 

By definition, the following holds for the certain wealth, x : 

E[ ( )] ( )u x u x   
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Inserting Eq. (1) into the right-hand side, and Eq. (2) into the left-hand side 

of the above equality, yields: 

u x x x u x u x x x u x( )
1

2
E[( ) ] ( ) ( ) ( ) ( )2        

  



 

1

2

( )

( )
 E[( ) ]2x x

u x

u x
x x  

   
1

2
(x) Var[ ]x x r x  

The term r x
u x

u x
( )

( )

( )
 




 is the Arrow-Pratt measure of (absolute) risk 

aversion at the expected value of wealth, x  

The term E[( ) ] Var[ ]2x x x   is the variance of wealth, x  

The term  x x   is the risk premium 

The risk premium is the difference between the expected value of 

the lottery and the certainty equivalent. 
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Inserting the numbers of the aforementioned numerical example yields: 

x     
1

2
$25

1

2
$75 $50  

x  $30 (original assumption) 

x x  20 (risk premium) 

Var[ ] E[( ) ]
1

2
($25 $50)

1

2
($75 - $50) $  6252 2 2 2x x x         

Degree of (absolute) Arrow-Pratt risk aversion: 

 
  

2

ˆ2( ) 2 $20
( ) 0.0624/$

Var[ ] $  625

x x
r x

x
 

Degree of relative Arrow-Pratt risk aversion: 

    ˆ( ) ( ) 30 0.0624 1.92r x x r x  

Note that we used x  as a reference point. 

In summary, we derived a price for risk (the risk premium) by determining the 

compensation the risk-averse individual demands for bearing risk: 

x x u x u x u u     (E[ ]) E[ ( )] (expected value for certain) - (lottery) 
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Introduction 

3. Heuristics and Biases (Descriptive Analysis of Decision-Making I) 

Reference: 

Tversky, Amos, and Daniel Kahneman (1974) “Judgement under Uncertainty: 

Heuristics and Biases,” Science 185, 1124-31, reprinted in: Daniel 

Kahneman, Paul Slovic, and Amos Tversky (1982), eds., Judgement under 

Uncertainty: Heuristics and Biases. Cambridge (UK): Cambridge University 

Press, 3-20. 

The study of decision-making address both normative and descriptive questions 

The normative analysis of decision-making is concerned with the nature of 

rationality and the logic of decision-making 

Rational decision-making (under uncertainty) is modeled in the expected 

utility approach developed by von Neumann and Morgenstern; see the 

chapter “Expected Utility (Normative Analysis of Decision-Making).” 

The descriptive analysis is concerned with people’s preferences and beliefs 

as they are, not as they should be under the presumption of consistent (i.e., 

rational) behavior 

This chapter and the chapter “Choice, Values and Frames (Descriptive 

Analysis of Decision-Making II)” deal with the descriptive analysis of 

decision-making. 

Quantitative finance theoryoutside the sphere of Behavioral Financerests 

on the expected utility approach. 
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Heuristics 

People rely on a limited number of heuristic principles that reduce the 

complex task of assessing probabilities and predicting values to simpler 

judgmental operations 

In general, these heuristics are quite useful, but sometimes they lead to 

severe and systematic errors (biases) 

There are three heuristics people use to assess probabilities and to 

predict values 

Representativeness 

Availability 

Anchoring. 

1. Representativeness 

When answering questions of the following types, people typically rely on the 

representativeness heuristic: 

What is the probability that object A belongs to class B? 

What is the probability that event A originates from process B? 

What is the probability that process B will generate event A? 

In answering these questions, people evaluate probabilities by the degree to 

which A is representative of B or, in other words, by the degree to which A 

resembles B 

For instance, when A is highly representative of B, the probability that A 

originates from B is judged to be high 

On the other hand, if A is not similar to B, the probability that A originates 

from B is judged to be low. 
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For an illustration of judgement by representativeness, consider an individual 

who is described as follows: 

“Steve is very shy and withdrawn, invariably helpful, but with little 

interest in people, or in the world of reality.  A meek and tidy soul, he 

has a need for order and structure, and a passion for detail.” 

How do people assess the probability that Steve is engaged in a particular 

occupation from a list of possibilities (for example, farmer, salesman, 

airline pilot, librarian, or physician)? 

In the representativeness heuristic, the probability that Steve is a 

librarian, for example, is assessed by the degree to which he is 

representative of, or similar to, the stereotype of a librarian, a finding 

that has been confirmed in experiments. 

The representative heuristic leads to serious errors that fall into six categories 

i. Insensitivity to prior probability (Bayesian prior) of outcomes 

One of the factors that has no effect on representativeness but should 

have a major effect on probability is the prior probability, or base-rate 

frequency, of the outcomes 

In the case of Steve, for example, the fact that there are many more 

farmers than librarians in the population should enter into the 

estimate of the probability that Steve is a librarian rather than a 

farmer 

Consideration of the base-rate frequency, however, does not 

affect the similarity of Steve to the stereotype of librarians and 

farmers 

Thus, if people evaluate probability by representativeness, 

prior probabilities will be neglected. 
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For instance, in an experiment, subjects were told that a person 

randomly drawn from a population of 70 (30) engineers and 30 (70) 

lawyers has the following personality description: 

“The person is a 30 year old man.  He is married with no 

children.  A man of high ability and high motivation, he 

promises to be quite successful in his field.  He is well liked 

by his colleagues.” 

Note that his description is pure noise for it reveals no 

information relevant to question of whether the person is an 

engineer or a lawyer 

The subjects in the experiment judged the probability of the 

person being an engineer to be 0.5, regardless of whether 

the stated proportions of engineers in the group was 0.7 or 

0.3 

On the other hand, when no personality description was 

offered, the probabilities estimated corresponded to the 

base-rate frequencies. 

In conclusion, when no specific evidence is given, prior 

probabilities are utilized properly; when worthless evidence 

(noise) is given, prior probabilities are ignored. 
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ii. Insensitivity to sample size 

To evaluate the probability of obtaining a particular result in a sample 

drawn from a specified population, people typically apply the 

representativeness heuristic 

Consequently, the judged probability of a sample statistic is 

essentially independent of sample size. 

Consider the following example 

“A certain town is served by two hospitals.  In the larger hospital 

about 45 babies are born each day, and in the smaller hospital 

about 15 babies are born each day.  As you know, about 50 

percent of all babies are boys.  However, the exact percentage 

varies from day to day.  Sometimes it may be higher than 50 

percent, sometimes lower. 

For a period of 1 year, each hospital recorded the days on 

which more than 60 percent of the babies born were boys.  

Which hospital do you think recorded more such days? 

The larger hospital (21) 

The smaller hospital (21) 

About the same (that is, within five percent of each other) 

(53)” 
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The values in parentheses are the number of graduate students 

that chose each answer 

Thus, most subjects judged the probability of obtaining more 

than 60 percent boys to be the same in the small and in the 

large hospital, presumably because these events are equally 

representative of the general population 

In contrast, sampling theory entails that the expected 

number of days on which more than 60 percent of the babies 

are boys is much greater in the small hospital than in the 

large one, because a large sample is less likely to stray from 

50 percent. 
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iii. Misconceptions of chance 

People expect that a sequence of events generated by a random 

process represents the essential characteristics of that process even 

when the sequence is short 

For instance, in considering tosses of a coin for heads (H) and tails 

(T), people erroneously regard the sequence 

H-T-H-T-H-T 

to be more likely than the sequence 

H-H-H-T-T-T 

which does not appear random, and also more likely than the 

sequence 

H-H-H-H-T-H 

which does not represent the fairness of the coin. 

Another consequence of the belief in local representativeness is the 

gambler’s fallacy 

After observing a long run of red on the roulette wheel, for 

example, some people erroneously believe that black is now 

due, presumably because the occurrence of black will result in a 

more representative sequence than the occurrence of an 

additional red 

Chance is commonly viewed as a self-correcting 

(mean-reverting) process in which a deviation in one 

direction induces a deviation in the opposite direction to 

restore the equilibrium 

In fact, a random processas it unfoldsdoes not “correct” 

deviations, it merely dilutes them. 
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iv. Insensitivity to predictability 

Predictions, for instance on the corporate earnings, are often made by 

representativeness 

For example, suppose one is given a description of a company and 

is asked to predict its future profit 

If the description of the company is very favorable, a very high 

profit will appear most representative of that description 

If the description is mediocre, a mediocre performance will 

appear most representative. 

Typically, the degree to which the description is favorable is 

unaffected by the reliability of that description or by the degree to 

which it permits accurate prediction 

Hence, if people predict solely in terms of the favorableness of 

the description, their predictions will be insensitive to the 

reliability of the evidence and to the expected accuracy of the 

prediction. 

This mode of judgement violates the normative statistical theory in 

which the extremeness and the range of predictions are controlled 

by considerations of predictability 

When predictability is nil, the same prediction should be made in 

all cases 

For example, if the descriptions of companies provide no 

information relevant to earnings, then the same value (e.g., 

for earnings per share) should be predicted for all companies 

On the other hand, the higher the predictability, the wider 

the range of predicted earnings should be in cross 

section. 
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In one of the studies on predictions by representativeness, subjects 

were given descriptions of student teachers during a practice 

lessen 

One group of subjects was asked to evaluate the quality of the 

described practice lesson, the other group was asked to 

predictusing the same scoring mechanismthe standing of 

the student teacher after 5 years into the job 

The judgements made under the two conditions were 

identical! 

That is, the prediction of a remote criterion (success of a 

teacher after 5 years) was identical to (and thus as 

extreme as) the evaluation of the information on which 

the prediction was based (the quality of the practice 

lesson). 
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v. The illusion of validity 

As we have seen, people often predict by selecting the outcome (for 

example, an occupation) that is most representative of the input (for 

example, the description of a person) 

The confidence people have in their prediction depends primarily 

on the degree of representativeness (that is, on the quality of the 

match between the selected outcome and the input) with little or no 

regard for the factors that limit predictive accuracy (illusion of 

validity) 

Thus, people express great confidence in the prediction that a 

person is a librarian when given a description of his personality 

that matches the stereotype of librarians, even if the description 

is scanty, unreliable, or outdated. 

The internal consistency of a pattern of inputs is a major 

determinant of one’s confidence in predictions based on these 

inputs 

For instance, people express more confidence in predicting the final 

grade-point average (GPA) of a student whose first-year record 

consists entirely of B’s than in predicting the GPA of a student 

whose first-year record includes many A’s and C’s 

Highly consistent input patterns are frequently observed when the 

input variables are highly redundant or correlated 

Hence, people have great confidence in predictions based 

on redundant (correlated) input variables (i.e., in input 

variables that add no information yet add to the internal 

consistency of the input pattern) that do not improve the 

accuracy of the prediction. 
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vi. Misconception of regression to the mean (mean reversion) 

Variables may follow a random walk (with or without drift) 

oralternativelyrevert (regress) to the mean (which might be 

stationary or a trend) 

A simple example of a random walk (with drift 0   and standard 

deviation  ) reads: 

1  ,  ~ (0; )    t tx x N  

The best prediction of next period’s value of the variable is the 

value of the current period 

A variable that follows a random walk does not possess a finite 

variance; it can wander off without bounds (see figure below) 

 

A simple example of a mean-reverting process reads: 

2
1 ( )  , 0< 1 , ~ ( ; )t tx x x x N             

A mean-reverting variable is called stationary (or 

trend-stationary, if it reverts to a trend growth rate) 

The variable follows a self-correcting process where the degree 

of correction is determined by the parameter   
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For some variables (e.g., the rate of inflation), it is difficult to judge 

whether they are stationary, while for other variables (e.g., on-the-job 

performance) it is obvious 

On-the-job performance has no potential of being unbounded. 

Often times, people are not aware of mean reversion as the following 

example illustrates 

In a discussion of flight training, experienced instructors noted that 

praise for an exceptionally smooth landing is typically followed by a 

poorer landing on the next try, while harsh criticism after a rough 

landing is usually followed by an improvement on the next try 

The instructors erroneously concluded that verbal rewards are 

detrimental to learning, while verbal punishments are beneficial 

The conclusion is unwarranted because performance is a 

mean-reverting variable. 



F.A. Schmid – Behavioral Finance – May 27, 2002 – Chapter 3 – Page 13 of 26 

2. Availability 

There are situations in which people assess the frequency of a class or the 

probability of an event by the ease with which instances or occurrences can 

be brought to mind 

For instance, one may evaluate the probability that a given business 

venture will fail by imagining various difficulties it could encounter. 

Availability is a useful clue for assessing frequency or probability, because 

instances of large classes (events more available) are usually reached better 

and faster than instances of less frequent classes (events less available) 

However, availability is affected by factors other than frequency and 

probability, which might introduce biases in predictions that rely on availability 

i. Biases due to the retrievability of instances 

When the size of a class is judged by the availability of its instances, a 

class whose instances are easily retrieved appear more numerous 

than a class of equal frequency whose instances are less retrievable 

In an experiment, subjects heard a list of well-known personalities 

of both sexes and were subsequently asked to judge whether the 

list contained more names of men than of women; different lists 

were presented to different groups of subjects 

In some of the lists the men were relatively more famous than 

the women, and in others the women were more famous than 

the men 

In each of the lists, the subjects erroneously judged that the 

class (sex) that had the more famous personalities was the 

more numerous. 
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In addition to familiarity, there are other factors, such as salience, 

that affect the retrievability of instances 

For example, the impact of seeing a house burning on the 

subjective probability of such accidents is probably greater than 

the impact of reading about a fire in the local paper. 

Furthermore, recent occurrences are likely to be relatively more 

available than earlier occurrences 

It is a common experience that the subjective probability of 

traffic accidents rises temporarily when one sees a car 

overturned by the side of the road. 
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ii. Biases due to the effectiveness of a search set 

Suppose one samples a word (of three letters or more) at random from 

an English text.  Is it more likely that the word starts with r or that r is 

the third letter? 

People approach this problem by recalling words that begin with r 

(road) and words that have r in the third position (car) and assess 

the relative frequency by the ease with which words of the two 

types come to mind. 

Because it is much easier to search for words by their first letter 

than by their third letter, most people judge words that begin 

with a given consonant to be more numerous than words in 

which the same consonant appears in the third position 

People do this even for consonants, such as r, that are more 

frequent in third position than in the first. 
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iii. Biases of imaginability 

Imaginability plays a role in the evaluation of probabilities in real-life 

situations 

The risk involved in an adventurous expedition, for instance, is 

evaluated by imagining contingencies with which the expedition is 

not equipped to cope 

If many such difficulties are vividly portrayed, the expedition can 

be made to appear exceedingly dangerous, although the ease 

with which disasters are imagined need not reflect their actual 

likelihood 

Conversely, the risk involved in an undertaking may be grossly 

underestimated if some possible dangers are either difficult to 

conceive of, or simply do not come to mind. 
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iv. Illusory correlation 

In an experiment, naïve judges were confronted with information 

concerning several hypothetical mental patients 

The data for each patient consisted of a clinical diagnosis and a 

drawing of a person that this patient had made. 

Later the judges estimated the frequency with which each diagnosis 

(such as paranoia or suspiciousness) had been accompanied by 

various features of the drawing (such as peculiar eyes) 

The subjects markedly overestimated the frequency of 

co-occurrence of natural associates, such as suspiciousness and 

peculiar eyes 

This illusory correlation effect was extremely resistant to 

contradictory data and even persisted when the correlation 

between symptom and diagnosis was negative. 

Illusory correlation is due to availability 

The judgement of how frequently two events co-occur may be 

based on the strength of the associative bond between them 

For instance, the illusory correlation between suspiciousness 

and peculiar drawing of the eyes might be due to the fact that 

suspiciousness is more readily associated with the eyes than 

with any other part of the body. 



F.A. Schmid – Behavioral Finance – May 27, 2002 – Chapter 3 – Page 18 of 26 

3. Anchoring 

In many situations, people make estimates by starting from an initial value 

that is adjusted to yield the final answer 

The initial value, or starting point, may be suggested by the formulation of 

the problem, or it may be the result of a partial computation 

In either case, adjustments are typically insufficient or, in other words, 

different starting points yield different estimates, which are biased 

toward the initial values (anchoring). 

Anchoring leads to biases that fall into three categories 

i. Insufficient adjustment 

In an experiment, subjects were asked to estimate various quantities, 

for instance, the percentage of African countries in the United Nations 

A wheel of fortune was spun in front of the subject; the wheel 

generated a number that appeared random to the subject but was 

actually preset 

Different groups of subjects were given different numbers. 

Then the subject was asked to indicate whether the number on the 

wheel is lower or higher than the quantity (e.g., the percentage of 

African countries in the UN) they were asked to estimate 

Next, the subject was asked to estimate the quantity he was asked 

for by moving upward or downward from the number given by the 

wheel 

It turned out that the median estimates of the percentage of African 

nations in the UN were 25 and 45 for groups that received 10 and 

65, respectively, as starting points from the wheel. 
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Anchoring also occurs when subjects base their estimates on 

incomplete computations 

In an experiment, high school students were asked to estimate a 

product of numbers within five seconds 

Students in one group were given the product 

8 7 6 5 4 3 2 1        

while students in another group were given the product 

1 2 3 4 5 6 7 8        

To answer such question quickly, people tend to perform a few 

steps of computation and estimate the product by extrapolation 

or adjustment 

Because adjustments are typically insufficient, this 

procedure should lead to underestimation 

Furthermore, because the result of the first few steps of 

multiplication (performed from the left to the right) is higher in 

the descending sequence than in the ascending sequence, 

the former expression should be judged larger than the 

latter. 

The experiment confirmed both predictions: The median 

estimate for the ascending order was 512, while the median 

estimate for the descending sequence was 2,250; the correct 

answer is 40,320. 
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ii. Biases in evaluation of conjunctive and disjunctive events 

In an experiment, subjects were given the opportunity to bet on one of 

two events 

Three types of events were used 

Simple events 

Drawing a red marble from an urn that contains 50 percent 

red and 50 percent black marbles (p  0.50). 

Conjunctive events 

Drawing seven red marbles in a row (with replacement) from 

an urn that contains 90 percent red marbles and 10 percent 

black marbles (p  0.48). 

Disjunctive events 

Drawing a red marble at least once in seven successive tries 

(with replacement) from an urn that contains 90 percent 

black marbles and 10 percent red marbles (p  0.52). 

A significant majority of subjects preferred to bet on the conjunctive 

event (p  0.48) rather than the simple event (p  0.50) 

Subjects also preferred to bet on the simple event (p  0.50) rather 

than on the disjunctive event (p  0.52) 

This pattern of choice illustrates the general finding that people 

tend to overestimate the probability of conjunctive events and 

underestimate the probability of disjunctive events. 
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Bias in the evaluation of compound (i.e., conjunctive) events are 

particularly prevalent in the context of planning 

The successful completion of an undertaking, such as the 

development of a new product, typically has a conjunctive character 

in that for the undertaking to succeed, each of a series of events 

must occur 

Even when each of these events is very likely, the overall 

probability of success can be quite low if the number of events 

is large 

The general tendency to overestimate the probability of 

conjunctive events leads to unwarranted optimism in the 

evaluation of the likelihood that a plan will succeed or that a 

project will be completed on time. 

Conversely, disjunctive structures are typically encountered in the 

evaluation of the likelihood of rare (catastrophic) events 

A complex system, such as a nuclear reactor or a human body, will 

malfunction if any of its essential components fails 

Even when the likelihood of failure in each component is 

slender, the probability of an overall failure can be high if many 

components are involved 

Because of anchoring, people tend to underestimate the 

probabilities of failure in complex systems. 

In summary, the direction of the anchoring bias can sometimes be 

inferred from the structure of the event 

The chain-like structure of conjunctions leads to overestimation, 

while the funnel-like structure of disjunctions leads to 

underestimation. 
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iii. Anchoring in the assessment of subjective probability distributions 

In decision analysis, experts are often required to express their beliefs 

about a quantity, such as the value of the Dow Jones Industrial 

Average (DJIA) on a particular day, in the form of a probability 

distribution 

Such a distribution is usually constructed by asking the person to 

select values of the quantity that correspond to specified 

percentiles of his subjective probability distribution 

For instance, the expert may be asked to select a number, 

X 0.95, such that his subjective probability that the DJIA will be 

lower than this number is 95 percent 

Along with a value X 0.05 which the expert expects the DJIA to 

exceed with a probability of 95 percent, we obtain a 90 percent 

confidence interval for the DJIA. 

Experimental studies have shown that about 30 percent of the actual 

realizations of a variable fall outside a person’s subjective 98 percent 

confidence interval of this variable, which means that people’s 

subjective probability distributions are not well calibrated 

That is, the subjects state confidence intervals that are overly 

narrow or, in other words, reflect more certainty than is justified by 

the subjects’ knowledge about the assessed quantities 

The bias is common to naïve and to sophisticated subjects, and 

is not eliminated by introducing scoring rules that provide 

incentives for external calibration. 



F.A. Schmid – Behavioral Finance – May 27, 2002 – Chapter 3 – Page 23 of 26 

The bias of delivering overly narrow confidence intervals isat least 

partlydue to anchoring 

When individuals are asked for a confidence interval, e.g., 

0.05 0.95{ ; }X X  for the DJIA, individuals tend to start out with a point 

estimate (e.g., X 50) and then adjust this value upward (forX 0.95) 

and downward (forX 0.05) 

Such adjustmentsas discussed above (wheel of fortune 

experiment)tend to be insufficient, resulting in an overly 

narrow confidence interval. 

In support of the anchoring hypothesis, it can be shown that subjective 

probabilities are systematically altered by a procedure in which one’s 

own point estimate does not serve as an anchor 

In an experiment, a group of subjects were either asked for their 

X 10 or X 90  assessment for 24 different quantities (such as the air 

distance from New Delhi to Beijing) 

Another group of subjects received the median X 10 (or X 90) 

judgement of the first group and was asked to assess the odds that 

this value exceeds (orin the case of X 90falls short of) the true 

value of the quantity (e.g., air distance from New Delhi to Beijing) 

In the absence of any bias, the second group should retrieve the 

odds specified by the first group, i.e., 9:1 

However, if even odds (i.e., fifty-fifty) or the stated value serve 

as an anchor for the second group, the odds of the second 

group should be less extreme (i.e., closer to 1:1) 

Indeed, the median odds, stated by the second group across all 

24 problems, were 3:1. 
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When the judgement of the two groups were tested for external 

calibration, it was found that subjects of the first group were too 

extreme, in accord with earlier studies 

The events that the first group defined as having a probability of 

10 percent actually obtained in 24 percent of the cases 

In contrast, subjects in the second group were too conservative 

Events to which they assigned an average probability of 34 

percent were obtained in 26 percent of the cases. 
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Summary 

We discussed three heuristics that people employ in making judgements 

under uncertainty 

Representativeness, which is usually employed when people are asked to 

judge the probability that an object or event A belongs to class or process 

B 

Availability of instances or scenarios, which is often employed when 

people are asked to assess the frequency of a class or the plausibility of a 

particular development 

Anchoring, which usually applies in numerical prediction when a relevant 

value is available. 

The three heuristics are highly economical and usually effective, but they lead 

to systematic and predictable errors 

The biases are not restricted to laymen; experienced researcher are also 

prone to these errors when they think intuitively. 
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Introduction 

4. Choice, Values, and Frames (Descriptive Analysis of Decision-Making II) 

Reference: 

Kahneman, Daniel, and Amos Tversky (1984) "Choices, Values, and Frames," 

American Psychologist 39, 341-50, reprinted in: Daniel Kahneman and Amos 

Tversky (2000), eds., Choices, Values, and Frames. Cambridge (UK): 

Cambridge University Press, 1-16. 

Abstract of Kahneman and Tversky (1984/2000) 

"We discuss the cognitive and the psychological determinants of choice in 

risky and riskless contexts.  The psychophysics of value induce risk 

aversion in the domain of gains and risk seeking in the domain of losses.  

The psychophysics of chance induce overweighting of sure things and of 

improbable events, relative to events of moderate probability.  Decision 

problems can be described or framed in multiple ways that give rise to 

different preferences, contrary to the invariance criterion of rational choice.  

The process of mental accounting, in which people organize the outcomes 

of transactions, explains some anomalies of consumer behavior.  In 

particular, the acceptability of an option can depend on whether a negative 

outcome is evaluated as a cost or as an uncompensated loss.  The 

relation between decision values and experience is discussed." 
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Risky choice 

The analysis of risky choice deals with the cognitive and psychophysical 

factors that determine the value of risky prospects 

(Psychophysics is concerned with the relationship between physical 

stimulation and sensation, for instance, between the physical intensity of a 

stimulus and the psychological intensity of the sensation it causes.) 

The paradigmatic example of decision under risk is the acceptability of a 

gamble (lottery) that yields monetary outcomes with specified probabilities. 

The psychological approach to decision-making has its roots in an essay by 

Daniel Bernoulli (1700-1782), published in 1738 

Bernoulli attempted to explain why people are generally averse to risk and 

why risk aversion decreases with increasing wealth 

To illustrate risk aversion, compare … 

… a gamble that offers an 85 percent chance of winning $1,000 and a 

15 percent chance of winning nothing (statistical expected value: 

0.85 $1000 0.15 $0 $850    ) 

… with a sure profit of $800 

Most people (in most situations) prefer the sure outcome to the "positive" 

gamble, although the gamble offers the higher (statistical) expected payoff 

In general, preferring a sure outcome to a gamble with higher or equal 

expected value is a manifestation of risk aversion 

Similarly, a rejection of the sure outcome in favor of a gamble with 

equal or lower expected value (but a possible outcome that exceeds 

the sure payoff) is a manifestation of risk-seeking. 

It is customary in decision analysis to describe the outcomes (of gambles) in 

terms of total wealth, w  
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A risk-averse individual prefers current wealth to a fifty-fifty chance of 

moving up or down 20w   from her initial wealth 0w  

Technically, this means that the value a risk-averse individual attaches to 

a lottery is a concave function of the wealth outcomes 

0 0 00.5 ( ) 0.5 ( )w w w w w       

(" " means "preferred to") 

 

0 0 0             w w w w w    
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Psychological evidence suggests that people do not normally think in terms of 

total wealth but in terms of gains and losses 

The assumption that the effective carriers of subjective value are changes 

of wealth rather than ultimate states of wealth is central to prospect theory, 

a concept developed by Kahneman and Tversky (1979, "An Analysis of 

Decision under Risk," Econometrica 47, 263-91) 

According to prospect theory, subjective value is a concave function of the 

size of a gain 

The same generalization applies to losses as well 

The difference in subjective value between a loss of $200 and a 

loss of $100 appears greater than the difference in subjective value 

between a loss of $1,200 and a loss of $1,100 

When the value functions for gains and losses are pieced together, 

we obtain an S-shaped function of the typed displayed in the 

following figure 

 

Source: Kahneman and Tversky (2000, p. 3) 
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The function displayed in the above figure… 

…evaluates gains and losses rather than total wealth 

…is concave in the domain of gains and convex in the domain of 

losses 

…is considerably steeper for losses than for gainsa manifestation 

of loss aversion. 

Loss aversion implies that a loss of $x is more repellent than a gain of 

the same amount is attractive 

Loss aversion explains people's reluctance to bet on a fair coin for 

equal stakes 

The attractiveness of a possible gain is not nearly sufficient to 

compensate for the aversion to the possible loss 

Kahneman and Tversky (1984/2000) report that most 

respondents in a sample of undergraduates refused to stake 

$10 on the toss of a coin if they stood to win less than $30 
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While risk aversion has played a central role in modeling 

decision-making since Bernoulli, risk-seekingas implied by the 

convexity of the value of lossesis an innovation of prospect theory 

Indeed, there is empirical evidence that risk-seeking is a robust 

effect, in particular when the probabilities of loss are substantial 

Consider, for instance, a situation in which an individual is 

forced to choose between an 85 percent chance of losing 

$1,000 (with a 15 percent chance of losing nothing) and a sure 

loss of $800 

A large majority of people prefers the "negative" gamble to 

the sure loss 

Preferring the gamble to the sure loss is risk-seeking 

behavior, because the expected value of the gamble 

( -$850 ) is lower than the sure loss. 

The S-shaped value function, which implies risk-seeking in losses and 

risk aversion in gains, violates at least two principles that are generally 

accepted as being necessary for rational (i.e., consistent) human 

behavior 

Dominance 

Dominance demands that if prospect A is at least as good as 

prospect B in at least one respect, then A should be preferred to 

B. 

Invariance 

Invariance requires that the preference order between prospects 

should not depend on the manner in which they are described. 
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Framing of outcomes 

Risky prospects can be described as gains and losses relative to the 

status quo or asset positions that incorporate initial wealth 

Invariance requires that changing the description of outcomes (framing) 

does not alter the preference order 

The following pair of problems illustrates a violation of this requirement 

The total number of respondents in each problem is denoted by N, 

and the percentages of subjects that chose the available options 

are indicated in parentheses 

Problem 1 ( 152N  ): Imagine that the U.S. is preparing for the 

outbreak of an unusual Asian disease, which is expected to kill 600 

people.  Two alternative programs to combat the disease have 

been proposed.  Assume that the exact scientific estimates of the 

consequences of the programs are as follows: 

If program A is adopted, 200 people will be saved. (72 percent) 

If program B is adopted, there is a one-third probability that 600 

people will be saved and a two-thirds probability that no people 

will be saved. (28 percent) 

Which program would you favor? 

The formulation of problem 1 adopts as a reference point a state of 

affairs in which the disease is allowed to take 600 lives 

The outcomes of the programs include the reference state and two 

possible gains measured by the number of lives saved 

A large majority of respondents shows risk-averse preferences in 

that it prefers saving 200 lives for sure to a gamble that offers a 

one-third chance of saving 600 lives. 
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Now consider another problem in which the same story is followed by a 

different description of the prospects associated with the two 

programs: 

Problem 2 ( 155N  ): Imagine that the U.S. … 

If program C is adopted, 400 people will die. (22 percent) 

If program D is adopted, there is a one-third probability that 

nobody will die and a two-thirds probability that 600 people will 

die. (78 percent) 

Which program would you favor? 

It is easy to verify that the set of options C and D in problem 2 is 

identical to the set of options A and C in problem 1 

Unlike problem 1, which is phrased in terms of gains, problem 2 is 

phrased in terms of losses 

When options are phrased in terms of losses, people tend to 

exhibit risk-seeking preferences; indeed, the majority chooses 

the gamble in problem 2. 

Respondents confronted with their conflicting answers are typically 

puzzled 

Even as they are rereading the problems, the respondents still wish 

to be risk-averse in the "lives saved" version and risk-seeking in the 

"lives lost" version 

At the same time, the respondents state that they wish to obey 

invariance and give consistent answers. 
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The following pair of problems elicits preferences that violate the 

dominance principle of rational choice 

Problem 3 ( 86N  ): Choose between: 

E. 25 percent chance of winning $240 and a 75 percent chance of 

losing $760 (0 percent) 

F. 25 percent chance of winning $250 and a 75 percent chance of 

losing $750 (100 percent) 

It is easy to see that in problem 3, F dominates E, and all 

respondents choose accordingly. 

Now consider the following problem: 

Problem 4 ( 150N  ): Imagine that you face the following pair of 

concurrent decisions.  First examine both decisions, then indicate 

which options you prefer. 

Decision (i) Choose between: 

A. A sure gain of $240 (84 percent) 

B. A 25 percent chance of a $1,000 gain and a 75 percent 

chance of a gaining nothing (16 percent) 

Decision (ii) Chose between: 

C. A sure loss of $750 (13 percent) 

D. A 75 percent chance of losing $1,000 and a 25 percent 

chance of losing nothing (87 percent) 

As expected from the previous analysis, a large majority of the 

subjects made a risk-averse choice in preferring the sure gain to 

the gamble in the first decision, and a large majority of subjects 

made a risk-seeking choice in preferring the gamble to the sure 

loss in the second decision. 
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In fact, 73 percent of the subjects chose “A and D,” and only 

3 percent chose “B and C”a finding not revealed by the numbers 

given above 

Preferring “A and D” to “B and C”in a situation of 

simultaneous choice ("First examine both decisions…")means 

rejecting a dominated conjunction 

“A and D” yields a 25 percent chance of winning $240 and a 

75 percent chance of losing $760 

This corresponds to option E in problem 3 

“B and C,” on the other hand, yields a 25 percent chance of 

winning $250 and a 75 percent chance of losing $750 

This corresponds to option F in problem 3 

Taken together, the susceptibility of choice to framing, along 

with the S-shaped value function leads to violation of dominance 

in a set of concurrent decisions. 
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The psychophysics of chances 

Expected utilitydevised by Daniel Bernoulliassumes that the value 

(utility) of an uncertain prospect (lottery) is obtained by adding the utility 

levels of the possible outcomes, each weighted by its probability 

( (1 )  )  ( ) (1 ) ( )u p x p y p u x p u y        

where  (1 )  p x p y    is the lottery 

Imagine that you are given a ticket to a lottery that has a single prize of 

$300 

How does the value of the ticket vary as a function of the probability 

of winning the prize? 

According to expected utility, the value of the ticket is a linear 

function of the probability of winning the prize, p : 

      ( $300 (1 ) $0 )  ($300) (1 ) (0)u p p p u p u  

Psychological evidence, on the other hand, suggests that the 

value of a lottery is not a linear function of the probability of 

winning, p  

An increase from 0 percent to 5 percent or from 95 percent 

to 100 percent seems to have a larger effect than an 

increase from 30 percent to 35 percent 

In other words, a change from impossibility to possibility or 

from possibility to certainty has a bigger impact than a 

comparable change in probability in the middle of the 

scalea category boundary effect in decision weights (see 

figure below) 
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Source: Kahneman and Tversky (2000, p. 7) 

The weighting function displayed above reflects the following 

empirical findings about decision weights 

The convexity of the weighting function implies that decision 

weights are regressive with respect to stated probabilities 

Save for the neighborhoods of the endpoints, an increase 

of 5 percentage points in the probability of winning 

increases the value of the prospect of winning by less 

than 5 percentage points. 

Decision weights are lower than the corresponding 

probabilities over most of the range 

Underweighting of moderate and high probabilities 

relative to sure outcomes contributes to risk aversion in 

gains by reducing the attractiveness of "positive" 

gambles; underweighting also contributes to risk-seeking 

in losses by attenuating the aversion of "negative" 

gambles 
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Low probabilities, however, are overweighted quite 

grossly or neglected altogether, making the decision 

weights highly unstable in that region 

The overvaluation of low probabilities enhances the 

value of long shots and amplifies the aversion to a 

small chance of a severe loss 

Consequently, people are often risk-seeking in 

dealing with improbable gains and risk-averse in 

dealing with unlikely losses 

This explains the attractiveness of lottery 

tickets (unlikely gains) and insurance policies 

(unlikely losses). 
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The nonlinearity (convexity) of decision weights inevitably leads to 

violation of invariance, as illustrated in the following pair of problems 

Problem 5 (  85N ): Consider the following two-stage game.  In 

the first stage, there is a 75 percent chance of dropping out of the 

game without winning anything and a 25 percent chance of moving 

on to the second stage.  If you reach the second stage, you have a 

choice between: 

A. A sure gain of $30 (74 percent) 

B. An 80 percent chance of winning $45 (26 percent) 

Your choice must be made before the game starts, i.e., before the 

outcome of the first stage is known.  Please indicate which option 

you prefer. 

Problem 6 (  81N ): Which of the following options do you prefer? 

C. A 25 percent chance of winning $30 (42 percent) 

D. A 20 percent chance of winning $45 (58 percent) 

Because there is a 25 percent chance of moving on to the second 

stage in problem 5, option A is equivalent to option C in terms of 

probabilities and outcomes; the same holds true for options B and 

D 

However, the preferences are not the same in the two versions 

(which were played with real money) 

In problem 5, the majority prefers option A, while in problem 6 

the majority prefers option Da striking violation of invariance 

Violation of invariance has been confirmed in many settings, 

among them one with human lives as outcomes. 
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Kahneman and Tversky (1984/2000) attribute violation of 

invariance to the interaction of two factors: nonlinearity of the 

weighting function and framing 

More specifically, Kahneman and Tversky propose that in 

problem 5, people ignore the first stage of the gamea violation 

of expected utilityand focus on the second stage (problem of 

framing) 

It has been reported that the choices observed in problem 5 

resemble the choices made when the first stage of the game 

is not mentioned 

In other words, the $30 outcome in the two-stage game 

of problem 5 is treated as if it were certaina 

phenomenon called pseudo-certainty effect 

Because a sure outcome is overweighted in comparison 

with outcomes of moderate or high probability, option A in 

problem 5 is comparatively more attractive vis-à-vis 

option B than is option C in problem 6 vis-à-vis option D 

(problem of nonlinearity). 
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The nonlinearity (convexity) of decision weights makes probabilistic 

insurance appear unattractive 

Suppose you are indifferent to buying earthquake insurance at the 

going rate or, in other words, the going rate is "just acceptable" 

As you hesitate to sign the policy, your insurance agent suggests the 

following deal 

"For half the rate, I offer you a policy that insures against 

earthquakes that happen on odd days, which means that you 

are covered for more than half the days of the year." 

Most people find such probabilistic insurance unattractive 

As the weighting function displayed in the above figure 

suggestsstarting anywhere in the low probability 

regionreducing the probability from p  to / 2p  is worth less 

than reducing the probability from / 2p  to zero 

Consequently, for bearing half the risk that you are willing to 

eliminate at the margin, your agent has to offer you a 

discount of more than 50 percent. 
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The aversion to probabilistic insurance is significant for three reasons 

According to expected utility, probabilistic insurance should be 

preferred to normal insurance when the latter is just acceptable 

This is because the marginal utility from eliminating risk is 

decreasing. 

Second, probabilistic insurance represents many forms of 

protective action, such as medical checkups, high-quality tires 

goods and services that typically reduce the probability of a hazard 

without eliminating it 

The aversion to probabilistic insurance affects the prices of 

these goods and services in the marketplace. 

Third, the acceptability of insurance can be manipulated by the 

framing of the contingencies 

An insurance policy that covers fire but not flood, for instance, 

could be evaluated either as elimination of risk of property loss 

from fire or as reduction of risk of property loss from natural 

disasters overall 

Imagine a vaccine that reduces the probability of contracting 

a disease from 20 percent to 10 percent 

There is experimental evidence that this vaccine is 

valued as less attractive when it is described as effective 

in half of the cases than when it is described as fully 

effective against one of two exclusive and equally 

dangerous virus strains. 
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Transactions and trades 

In situations of choice, there are three categories of mental accounting that 

people might employ to evaluate the gains and losses that are associated 

with the options they face 

Consider the following situation of choice 

Problem 7: Imagine that you are about to purchase a jacket for $125 

and a calculator for $15.  The salesman informs you that the calculator 

you wish to buy is on sale for $10 at the other branch of the store, 

located 20 minutes away.  Would you make the trip? 

[68 percent of  88N  respondents were willing to drive to the other 

branch to save $5 on the $15 calculator.] 

A minimal account regards only the difference among possible choices 

and disregards the features they share 

Driving to the other store is framed as a gain of $5 

A topical account relates the consequences of possible choices to a 

reference level that is determined by the context within which the decision 

arises 

The relevant topic is the purchase of the calculator, and the benefit of 

the trip is thus framed as a reduction of the price from $15 to $10 

Because the potential saving is associated only with the calculator, 

the price of the jacket is not included. 

A comprehensive account evaluates the gains and losses of possible 

choices in relation to broader categoriesfor instance, monthly expense. 
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The finding that 68 percent of  88N  respondents were willing to drive to 

the other branch to save $5 on the calculator does not tell about the 

category of mental accounting that people tend to apply 

Kahneman and Tversky (1984/2000) suggest that in the described 

situation of choice people spontaneously frame decisions in terms of 

topical accounts 

To test this hypothesis, Kahneman and Tversky constructed a version 

of the test in which they interchanged the prices of the two goods 

Problem 8: Imagine that you are about to purchase a jacket for $15 

and a calculator for $125.  The salesman informs you that the 

calculator you wish to buy is on sale for $120 at the other branch of the 

store, located 20 minutes away.  Would you make the trip? 

[29 percent of  93N  respondents were willing to drive to the other 

branch to save $5 on the $125 calculator.] 

The sharp decline in the fraction of respondents that are willing to 

make the tripto 29 percent from the previous 68 percent supports 

the notion of topical organization of accounts, for problems 7 and 8 are 

identical in terms of a minimal and a comprehensive account 

The topical organization of mental accounts leads people to evaluate 

gains and losses in relative rather than absolute terms, resulting in 

large variations in the rate at which money is exchanged for things. 
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Now consider an example where the posting of a cost to an account is 

controlled by topical organization 

Problem 9: (  200N ) Imagine that having decided to see a play, you 

paid $10 for a ticket.  As you arrive at the theater, you discover that 

you have lost the ticket.  The seat is not numbered, and the ticket 

cannot be recovered. 

Would you pay $10 for another ticket? 

Yes (46 percent) No (54 percent) 

Problem 10: ( 183N ) Imagine that having decided to see a play, you 

are willing to pay $10 for a ticket.  As you arrive at the theater, you 

discover that you have lost a $10 bill. 

Would you still pay $10 for a ticket for the play? 

Yes (88 percent) No (12 percent) 

Why are so many people unwilling to spend another $10 after having lost 

a ticket, if they would readily spend that sum after losing an equivalent 

amount of cash? 

Kahneman and Tversky (1984/2000) attribute the difference to topical 

organization of mental accounts 

Going to the theater is viewed as a transaction in which the cost of 

the ticket is exchanged for the experience of seeing a play 

Buying a second ticket increases the cost of seeing the play, 

possibly to a level that exceeds their willingness-to-pay 

In contrast, the loss of the cash is not posted to the account of 

the play, and it affects the purchase of a ticket only by making 

the individual slightly less wealthy. 
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Losses and payments 

Many decisions take the form of a choice between retaining the status quo 

and accepting an alternative that is advantageous in some respects and 

disadvantageous in others 

The status quo might serve as a reference level for all attributes of the 

alternatives, which are evaluated in terms of gains and losses relative 

to the status quo 

Because losses weigh more heavily than gains, the decision-maker is 

biased in favor of retaining the status quo 

The reluctance of people to give up assets that come with the 

status quo is called endowment effect 

Note that when it is more painful to give up an asset than it is 

pleasurable to obtain it, the individual's willingness-to-pay (WTP) for 

the asset is lower than the willingness-to-accept (WTA) giving up 

the asset 

The endowment leads to discrepancies between buying and 

selling prices, and to reluctance to trade 

For instance, in an experiment subjects were assigned 

hypothetical jobs that differed in salary (S) and in 

temperature (T) at the workplace 

The respondents were asked to imagine that they held a 

particular position (S1,T1), and then were offered the option 

of moving to an alternative position (S2,T2), which was better 

in one respect and worse in another 

It was found that most subjects that were assigned to the 

position (S1,T1) did not wish to move to (S2,T2), and most 

subjects that were assigned to the position (S2,T2) did not 

want to switch to (S1,T1). 
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The endowment effect and the previously discussed loss aversion are 

related phenomena 

Loss aversion was discussed above in the context of risky prospects 

(decisions under uncertainty), whereas the endowment was found in 

situations of trade where no risk was involved 

Because losses loom larger than gains, framing becomes a powerful 

tool in manipulating people's purchasing decisions 

For instance, an insurance premium can be framed as a sure loss 

(which appeals to WTA) or a price for avoiding the possibility of a 

larger loss (which appeals to WTP) 

Consider the choice between a sure loss of $50 and a 25 

percent chance of losing $200a risky prospect of identical 

expected value 

It has been reported that 80 percent of the subjects 

confronted with this situation of choice preferred the gamble 

to the sure lossexhibiting risk-seeking behavior 

On the other hand, only 35 percent of the subjects refused to 

pay $50 to insure themselves against a 25 percent chance of 

losing $200 

Thus, the modal preferences reversed when the same 

amount of money ($50) was not framed as an 

uncompensated loss but as a price for avoiding the risk of an 

even greater loss. 
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The following two problems address a similar case in the domain of 

gains (that is, risky prospects with positive, rather than negative 

expected value) 

Problem 11: Would you accept a gamble that offers a 

10 percent chance of winning $95 and a 90  percent chance 

of losing $5? 

Problem 12: Would you pay $5 to participate in a lottery that 

offers a 10 percent chance of winning $100 and a 90 percent 

chance of winning nothing? 

A total of 132 subjects answered the two questions, which 

were separated by a short filler; half the subjects received 

the questions in the reverse order 

Although the two problems offer identical options, 55 of the 

respondents expressed different preferences in the two 

versions 

Among these 55 subjects, 42 rejected the gamble in 

problem 11 but accepted the equivalent lottery in 

problem 12 

Thinking of $5 as a payment makes the venture more 

acceptable than thinking of the same amount as a 

loss. 
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If negative outcomes are more acceptable when framed as 

payments than when framed as losses, people might fall prey to a 

dead-loss effect 

In literature, a case has been discussed where a man who 

develops tennis elbow shortly after paying the membership fee 

in a tennis club keeps playing in agony to avoid wasting his 

investment 

Continuing to play maintains the evaluation of the 

membership fee as a price paid rather than a dead loss. 
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Introduction 

5. The Sharpe-Lintner CAPM 

References: 

Brealey, Richard A., and Stewart C. Myers (2000) Principles of Corporate 

Finance, 6th ed. New York: McGraw-Hill, Ch. 7, 8, 9. 

The Sharpe-Lintner Capital Asset Pricing Model (CAPM) is one of the 

cornerstones of asset pricing and capital budgeting 

We start out by studying the simple mean-variance model of portfolio choice 

with one safe and two risky financial assets 

Note that if the return on an asset is normally distributed, the mean and 

the variance of the return is a sufficient statistic 

Also, remember that we showed in the foregoing chapter that the 

mean-variance approach may be viewed as a Taylor-series approximation 

to the expected utility function. 

In a first step toward the mean-variance model of portfolio choice we bundle 

the two risky assets in a portfolio, which we call asset 1 

The return on a portfolio, p , that consists of the safe asset (asset 0) and the 

risky asset (asset 1) equals: 

r x r x rp     0 0 0 1(1 )  

where x 0 is the fraction of (initial) wealth invested in the risk-free asset 
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The expected (value of the) return on portfolio p  reads: 

E [ ] (1 ) E [ ]0 0 0 1r x r x rp       

The expected excess return on the portfolio (the return in excess of the 

return on the risk-free asset) thus equals: 

E [ ] ( 1) (1 ) E [ ]0 0 0 0 1r r x r x rp         

      E [ ] (1 ) (E [ ] )0 0 1 0r r x r rp  

The variance of the return on portfolio p  reads: 

Var [ ] (1 ) Var [ ]0
2

1r x rp     

    Std [ ] (1 ) Std [ ]0 1r x rp  

where Std [ ] Var [ ]x xx   for any random variable x  

Consequently, we obtain: 

1
Std [ ]

Std [ ]
0

1

 x
r

r

p
 

The fraction of wealth invested in the risky asset equals the standard 

deviation of the portfolio return normalized by the standard deviation of 

the return on the risky asset 

Inserting this ratio into the above equation for the portfolio’s expected 

excess return yields: 

E [ ]
E [ ]

Std [ ]
Std [ ]0

1 0

1

r r
r r

r
rp p 
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There is a linear relationship between the portfolio’s expected 

return, E [ ]rp , and the portfolio’s risk as measured by the standard 

deviation of returns, Std [ ]rp  

E[rp]

Std[rp]Std[r1]

r0

E[r1]
S

 

The straight line in the figure represents all combinations of risk 

and expected return that are available to the investor 

If the investor keeps all her wealth in the risk-free asset, her 

expected (and actual) return equals r0 , and the standard 

deviation of returns, Std [ ]rp , as well as the expected 

excess return, E [ ]1 0r r , are equal to zero 

If the investor holds the risky asset only, her expected return 

equals E [ ]1r , and the standard deviation of returns amounts 

to Std [ ]1r  

All combinations of risk and return to the southwest of point 

S represent portfolios with positive amounts invested in the 

risk-free asset. 
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Leveraged portfolios are portfolios located to the northeast of 

point S 

The investor leverages up the portfolio by borrowing (at the 

risk-free rate) and investing in the risky asset 

For instance, if the investor borrows an amount twice her 

initial wealth she props up her expected excess return to 

300% of E [ ]1r , but also faces 300% of the risk level of 

Std [ ]1r . 

The portfolio choice depends on the investor’s preferences for 

risk and return 

Every investor holds a portfolio that consists of the risky 

assets and (negative, positive or zero amounts of) the risk-

free asset 

E[rp]

Std[rp]Std[r1]

r0

E[r1]
S

 

Note that higher indifference lines represent higher levels 

of utility. 
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In a second step, we break up the risky asset into two risky assets, which allows 

for diversification 

The return on the portfolio now reads: 

r x r x r x r xp i

i

      



0 0 1 1 2 2

0

2

   1,  

         (1 )1 2 0 1 1 2 2r x x r x r x rp  

The expected return equals: 

E [ ] (1 ) E [ ] E [ ]1 2 0 1 1 2 2r x x r x r x rp          

Thus we obtain for the expected excess return: 

E [ ] E [ ] E [ ]0 1 1 0 2 2 0r r x r r x r rp         

The variance of the portfolio returns reads: 

Var [ ] Cov [ ]r r rp p p ,  

       Cov [(1 )  ,  ]1 2 0 1 1 2 2x x r x r x r rp  

       (1 ) Cov [ ] Cov [ ] Cov [ ]1 2 0 1 1 2 2x x r r x r r x r rp p p, , ,  

           Cov [  , (1 ) ]1 1 1 2 0 1 1 2 2x r x x r x r x r  

         Cov [  , (1 ) ]2 2 1 2 0 1 1 2 2x r x x r x r x r  

        ( ) Var [ ] Cov [ , ]1
2

1 1 2 1 2x r x x r r  

     ( ) Var [ ] Cov [ , ]2
2

2 1 2 1 2x r x x r r  

          ( ) Var [ ] ( ) Var [ ] 2 Cov [ , ]1
2

1 2
2

2 1 2 1 2x r x r x x r r  
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It can be shown that if (and only if) the returns on the two risky assets are 

not perfectly correlated with each other, i.e., if the correlation coefficient 

between the returns,  


1
Cov [ , ]

Std [ ] Std [ ]
1

1 2

1 2

r r

r r
, is smaller than 1, 

investors gain from diversification 

Diversification means to keep portfolio risk low by spreading the wealth 

over a multitude of risky assets whose returns are not perfectly 

correlated 

As an example, imagine you own an orchard, and apples and grapes 

are the only fruits you grow 

The following table shows the payoff structure of both fruits for 

sunny and rainy years, the only two possible meteorological 

outcomes 

Weather / Payoff Apples Grapes 

Sunny 80 120 

Rainy 100 80 
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The following figure presents all combinations between risk and 

expected return for alternative allocations of the two risky assets 

for a given amount of wealth 

E[rp]

Std[rp]0  

The southeastern endpoint is the “all apples” portfolio, while 

the northeastern endpoint is the “all grapes” portfolio. 

For a multitude of risky assets, this figure looks as follows 

X
XX

X
X

X

X

X
X

X

X

X

X

X
X

X
X

X

X

X
X

XX X

XX
X

X
X X

X

X
X

X
X

X

X
X

X
X

X

X
X

X X

X
X X

E[r]



 

Assets (and portfolios, i.e., complex assets) that lie on the 

thick line are mean-variance efficient 

An asset (a portfolio) is mean-variance efficient if there is 

no other asset (portfolio) of equal expected return [equal 

risk] that has lower risk [higher expected return]. 
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Above, we established the following relationship for the expected return on a 

portfolio that consists of the risk-free asset (asset 0) and the risky asset 

(asset 1): 

E [ ]
E [ ]

Std [ ]
Std [ ]0

1 0

1

r r
r r

r
rp p 


  

Asset 1 comprises the domain of risky assets, the market portfolio or, 

simply, the market 

We know (from the figure below) that all combinations of the risk-free 

asset and the market are efficient, i.e., there are no portfolios of the same 

expected return (same risk) that offer lower risk (higher return) 

E[r]



r0

E[r1]

1
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How do we price an asset in the market portfolio (the gray area), given that we 

can hold any combination between the risky asset the market portfolio (that is, 

any risk-return combination located on the straight line)? 

Given that we can hold any combination of the risk-free asset and the market 

portfolio, the risk of an (arbitrary) asset j  in the market portfolio is priced only 

to the extent that it resembles such a combination 

Which combination of the risk-free asset and the market portfolio 

replicates (an arbitrary) risky asset j  most closely? 

In finding this replicating portfolio, we look for the portfolio on the 

straight line that has the smallest sum of squared deviations in returns 

relative to the risky asset in question 

The optimization problem for determining the replicating portfolio 

reads 

~

~ ~

x
jr x r x r

0

Min Var[ (1 ) ]0 0 0 1      

The first order-condition is given by 

     




 Var[ (1 ) ]

 
 0

0 0 0 1

0

r x r x r

x

j
~ ~

~  
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with 

Var[ (1 ) ]0 0 0 1r x r x rj     
~ ~  

         Var[ ] 2 Cov[   (1 ) ]0 0 0 1r r x r x rj j , ~ ~  

     Var[ (1 ) ]0 0 0 1
~ ~x r x r  

          Var[ ] 2 Cov[   (1 ) ] Var[(1 ) ]0 1 0 1r r x r x rj j , ~ ~  

          Var[ ] 2 (1 ) Cov[ ] (1 ) Var[ ]0 1 0
2

1r x r r x rj j
~ , ~  

we obtain for the first-order condition: 

 


     

 Var[ ]

 
  2 Cov[ ] 2(1 ) Var[ ]  0

0

1 0 1~ , ~

x
r r x rj  

    (1 )  
Cov[ ]

Var[ ]
0

1

1

~ ,
x

r r

r

j

j  

The left-hand side of the equation is the share of the 

market (asset 1) in the replicating portfolio 

The right-hand side is the degree of co-movement of the 

returns of asset j  with the market returns, called the 

CAPM beta,  j  

The CAPM beta, as a measure of co-movement with 

the market portfolio, gauges the systematic risk 

(“market risk”) of asset j  
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Systematic risk, which is captured by the asset’s CAPM beta, is part of 

the asset’s total risk 

The other component of the asset’s total risk is idiosyncratic risk, 

which is risk that is specific to the asset (i.e., not common to any 

other asset) 

CAPM betas of corporate stocks can be estimated 

econometrically 

Equity betas are published on finance Web sites, such as 

<http://www.bloomberg.com> 

On the Bloomberg Web site, key in the stock’s ticker 

symbol (e.g. “KO” for Coca-Cola Company), and the 

equity beta is displayed in the last row of 

“Fundamentals.” 

The figure below shows the market securities linethe line on 

which all assets lie in equilibrium 

E[r]

E[rj]

E[r1]

r0

j1 

securities market line
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Introduction 

6. Efficient Markets 

Reference: 

Fama, Eugene F. (1970) “Efficient Capital Markets: A Review of Theory and 

Empirical Work,” Journal of Finance 25, 383-417. 

Fama, Eugene F. (1991) “Efficient Capital Markets,” Journal of Finance 46, 

1575-617. 

Fama, Eugene F. (1998) “Market Efficiency, Long-term Returns, and Behavioral 

Finance,” Journal of Financial Economics 49, 283-306. 

Grossman, Sanford J., and Joseph E. Stiglitz (1980) “On the Impossibility of 

Informationally Efficient Markets,” American Economic Review 70, 393-408. 

Jensen, Michael Grossman, Sanford J., and Joseph E. Stiglitz (1980) “On the 

Impossibility of Informationally Efficient Markets,” American Economic Review 

70, 393-408. 

In 1970, Fama defined three categories of market efficiency 

The weak form of market efficiency 

Past returns do not predict future returns. 

The semi-strong form of market efficiency 

All publicly available information is incorporated in asset prices at any 

time. 

The strong form of market efficiency 

All private information is incorporated in asset prices at any time. 

Insider trading (i.e., trading on information available to firm insiders 

only) is a violation of the strong form of market efficiency. 
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Market efficiency per se is not testable 

Market efficiency must be tested jointly with some model of equilibrium, an 

asset-pricing model (joint-hypothesis problem) 

One can only test whether information is properly reflected in prices in the 

context of a pricing model that defines the meaning of “properly” 

As a result, when one finds anomalous evidence on the behavior of 

returns, the way the anomaly should be attributed to market inefficiency or 

a bad model of equilibrium is ambiguous. 
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The impossibility of efficient markets 

The concept of market efficiency (which in its most general form states that 

security prices reflect all available information) is a concept of static 

equilibrium 

Static equilibrium models, by their very nature, can be solved for states of 

equilibrium only 

Static equilibrium models of asset pricing do not describe the 

adjustment paths asset prices follow on their way from an original to a 

new equilibrium. 

In a seminal paper, Grossman and Stiglitz (1980) make the point that if 

asset prices reflect all publicly available information at any time, no 

investor would have an incentive to collect information and incorporate it 

into prices 

Consequently, in a world with a continuous flow of information, a 

certain degree of inefficiency must be present at any time to give 

investors an incentive to collect and filter information and incorporate 

what is relevant into asset prices. 

The critique by Grossman and Stiglitz let to the adoption of a weaker and 

economically more sensible version of the efficiency hypothesis 

Following Jensen (1978), market efficiency implies that security prices 

reflect information to the point where the marginal benefits of acting on 

information (the profits to be made) do not exceed the marginal costs. 
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Behavioral Finance 

Behavioral Finance is largely derived from stock market anomalies, i.e., stock 

market behavior that appears to be inconsistent with rational decision-making 

and (or) efficient markets 

As for as the efficient market aspect goes, the joint-hypothesis problem 

kicks in every time an anomaly is detected 

Also, there is a data-snooping problem 

If a significance level of five percent is applied, five false positives 

will show if we keep searching for anomalies long enough. 

Fama (1998) makes a valid point when criticizing research on 

anomalies (and thus a large branch of Behavioral Finance) 

“Market efficiency survives the challenge from the literature on 

long-term return anomalies.  Consistent with the market 

efficiency hypothesis that the anomalies are chance results, 

apparent overreaction to information is about as common as 

underreaction, and postevent continuation of preevent abnormal 

returns is about as frequent as postevent reversal.  Most 

important, consistent with the market efficiency prediction that 

apparent anomalies can be due to methodology, most long-term 

return anomalies tend to disappear with reasonable changes in 

technique.” 
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As far as the rational decision-making is concerned, this is where the most 

significant contribution of Behavioral Finance lies 

Traditional finance does not distinguish between normative and 

positive statements 

Starting from a model of rational decision-making (i.e., expected 

utility) traditional finance derives market outcomes as they would 

occur if individuals behaved rationally (by expected utility 

standards) 

Actual behavior (positive sciences) might differ from prescribed 

behavior (normative sciences), and Behavioral Finance 

acknowledges that 

Differences between actual and prescribed behavior does not imply 

irrationality 

Tests of rationality also suffer from the joint-hypothesis problem, 

as rationality is defined by a benchmark model that might be 

inappropriate 

Clearly, humans are subject to bounded rationality as the 

cognitive and information-processing capacities of the human 

brain are limited. 

Generally, one might want to be conservative in associating stock market 

behavior that one does not understand with departures from market 

efficiency or rational decision-making 

Many phenomena man used to view as Acts of God, modern science 

can explain. 
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Introduction 

7. Predictability of Stock Returns 

Reference: 

Hawawini, Gabriel, and Donald B. Keim (1995) “On the Predictability of Common 

Stock Returns: World-Wide Evidence,” in: R.A. Jarrow, V. Maksimovic and 

W.T. Ziemba, eds., Handbooks in Operations Research and Management 

Science, Vol. 9: Finance, Amsterdam: Elsevier, 497-544. 

As mentioned in the chapter “Efficient Markets,” an implication of the strong form 

of market efficiency is that the (logarithmic) stock price follows a random walk 

(with upward drift; see below) 

If the (log) stock price follows a random walk, the return (i.e., change in the 

log price) (above and beyond the drift) is purely random and thus 

unpredictable 

In the following we look at empirical evidence of predictability of stock 

returns 

Does evidence for predictability of stock returns imply stock market 

inefficiency? 

The answer is no; for two reasons 

First, there is the joint hypothesis problem, mentioned in the 

chapter “Efficient Markets” 

Remember that the null hypothesis in testing stock market 

efficiency states that “stock markets are efficient and returns 

behave according to a prescribed equilibrium model.” 
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Second, the factors that are identified as having predictive power 

for stock market returns might be risk factors 

For instance, the Sharpe-Lintner CAPM allows for drift in the 

(logarithmic) stock price due to (i) the time value of money 

(which manifests in the risk-free rate of return) and (i) 

systematic risk (which manifests in the CAPM beta) 

Is the excess return (return above and beyond the risk-free rate) 

predictable? 

It sure is!  The higher the CAPM beta, the higher the 

expected (excess) return! 

Consequently, if there are risk factors that are not captured by 

the CAPM, in an efficient market these risk factors are priced if 

they cannot be eliminated through diversification 

Hence, if there are risk factors beyond what is captured by 

the applied equilibrium model (e.g., the Sharpe-Lintner 

CAPM), and if investors demand compensation for bearing 

these risks, then these risk factors contribute to the expected 

(excess) returns 

When the CAPM is extended to capture these extra risk 

factors, Fk , the literature speaks about multi-factor 

models: 

E[ ] 0 1

1

r a a a Fj j k k

k

K

    



  

where r j  is the return on the stock of company j  and 

 j  is the company’s CAPM beta. 
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Clearly, there is a circularity in the logic of labeling factors that have 

predictive power for stock returns “risk factors” 

Calling these factors risk factors allows one to reconcile the 

empirical evidence with the efficient markets paradigm 

Yet, the question remains whether the compensation investors 

receive for the presence of these risk factors is appropriate. 
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Finance literature has identified four main factors that contribute to the excess 

return of stocks, i.e., have predictive power for stock returns beyond what is 

captured by the CAPM beta 

Market capitalization (of the company’s stock) 

All else equal, the stock of smaller companies offers a higher excess 

return, on average. 

P/E ratio (price-to-earnings ratio) 

All else equal, the higher the (four-quarter trailing) P/E ratio, the lower the 

excess return, on average 

Note that published P/E ratios might be four-quarter forward-looking P/E 

ratios (rather than four-quarter trailing P/E ratios), or might look back only 

three quarters and use an estimate for the current quarter 

Also, there are alternative earnings concepts that are used for calculating 

P/E ratios 

Operating earnings (after tax) is net income from on-going operations, 

which excludes non-recurring items, such as extraordinary items, 

earnings from discontinued operations, some special items, and gains 

or losses on sales of assets 

Ordinary earnings (after tax) is net income from continuing operations 

calculated using generally accepted accounting principles (GAAP), 

which includes all current revenue and expenses. 

P/B ratio (price-to-book ratio of the company’s stock) 

All else equal, the lower the price-to-book ratio, the higher the excess 

return, on average. 
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Dividend yield (last dividend divided by a quarter of the share price) 

All else equal, the higher the dividend yield on the stock over the last four 

quarters (dividendif paidare paid quarterly) of the fiscal year, the 

higher the excess return, on average. 

The table below shows that the P/E ratio, the P/B ratio and the dividend yield 

exhibit strong pair-wise correlation, given their common factorthe stock 

price 

 

Source: Hawawini and Keim (1995, p. 511). 

In a seminal paper, Eugene F. Fama and Kenneth R. French (1992, “The 

cross-section of expected stock returns,” Journal of Finance 47, 427-66) 

showed that two factors, size and the price-to-book ratio, are sufficient to 

characterize cross-sectional differences in expected excess returns. 
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Most interestingly, the effects of size, P/B ratio and P/E ratio (i) fall almost 

entirely into the month of January and (ii) covary within the calendar year 

The following figure illustrates the covariation of the three effects within 

the calendar year and their concentration in the month of January 

 

Source: Hawawini and Keim (1995, p. 512). 

The January effect is largely due to tax-induced selling 

If a stock has suffered a severe loss over the calendar year, 

personal investors might realize the tax loss late in the year before 

repurchasing the stock after a period of at least 30 days 

Given that smaller companies exhibit less institutional ownership 

(and a higher fraction of direct ownership by personal investors), the 

tax-induced selling (late in the calendar year) and buying (in 

January) is more pronounced with small caps (small capitalization 

stocks) than large caps. 
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The following table shows that the P/E and P/B effects are not only strongly 

correlated within the calendar year (see figure above) but also strongly 

correlated long-term 

The following figure also shows that the size effect correlates little with the 

other two effects, long-term 

 

Source: Hawawini and Keim (1995, p. 512). 



F.A. Schmid – Behavioral Finance – January 18, 2002 – Chapter 7 – Page 8 of 10 

There are seasonal patterns other than the January effect that have been 

evidenced in empirical studies 

Most important is the weekend effect that documents significant positive 

returns on Friday and significant negative returns on Monday. 

Also, there is evidence for serial correlation both in the return of individual stocks 

and stock market indices 

In subsequent chapters on stock market overreaction and stock market 

underreaction we discuss the causes of serial correlation in the returns of 

individual stocks. 
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Conclusion 

It is widely accepted that the Sharpe-Lintner CAPM does not fully capture the 

risk factors that bear on the expected return of stocks 

Most important are the Fama-French factors (market capitalization and 

price-to-book ratio) 

Predictability of stock market returns does not imply stock market inefficiency 

due to the joint-hypothesis problem 

Also, what held true in the past might not hold true in the future 

If the predictability in stock market returns suffices to earn abnormal 

returns (i.e., returns in excess of what is warranted by the risk-profile of 

the portfolio), investors (e.g., hedge funds) will act on it and eliminate the 

predictability. 
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Introduction 

8. Judging Investment Strategies 

Reference: 

Hakansson, Nils H., and William T. Ziemba (1995) “Capital Growth Theory,” in: 

R.A. Jarrow, V. Maksimovic, and W.T. Ziemba, eds., Handbooks in 

Operations Research and Management Science 9: Finance, Amsterdam: 

Elsevier, 65-86. 

Knight, Frank H. (1921) “The Meaning of Risk and Uncertainty,” Part III, 

Chapter VII from Risk, Uncertainty, and Profit. Boston: Houghton and Mifflin. 

Online edition: http://www.econlib.org/library/Knight/knRUP.html. 

Taleb, Nassim Nicholas (2001) Fooled by Randomness: The Hidden Role of 

Chance in the Markets and in Life. New York: Texere. 

Track records of investors (mutual funds managers, etc.) are close to 

meaningless 

Knightian uncertainty (Frank Knight, 1921) 

“It is the third type of probability or uncertainty which has been 

neglected in economic theory, … that higher form of uncertainty [is] not 

susceptible to measurement and hence to elimination.  It is this true 

uncertainty [italicized in original] which … [prevents] … the theoretically 

perfect outworking …” 

In other words, we are not sure that the world in which we live is well 

charted 
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How could the hedge fund LTCM (Long-Term Capital Management) 

with its extraordinary talent (Nobel laureates Robert Merton and Myron 

Scholes of the Black-Scholes formula fame) blow up so spectacularly 

in 1998? 

LTCM made no allowance for the possibility that they do not 

understand markets and that their methods are wrong 

Put differently, LTCM fell prey to the Black Swan problem 

The Scots philosopher David Hume posed this problem the 

following way (as phrased by John Stuart Mill): 

“No amount of observations of white swans can allow the 

inference that all swans are white, but the observation of 

a single black swan is sufficient to refute that conclusion.” 

In the summer of 1998, a black swan showed up on LTCM’s 

computer screens when the Russian government defaulted on 

ruble-denominated debt and LTCM’s hedging strategies failed 

For details see the chapter “Professional Arbitrage (Limits of 

Arbitrage II).” 

More generally, asset pricing models assume that at least one 

investor knows the true distribution of the asset’s returns 

For instance, when using a  , -utility function, it is assumed 

that   (the mean return) and   (the standard deviation of the 

return) are known (to at least one investor) 

Similarly, the Black-Scholes formula for option pricing assumes 

that the distribution of the returns of the underlying assetin 

particular, its volatility is known (to at least one investor). 
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Survivorship bias or “the problem of unwritten history” 

Many investors (mutual funds) have (to this point) survived because they 

were lucky (the lucky fools) 

Yet, the public (as well as the fools) tends to attribute the survivors’ 

wealth to a superior investment style, not noticing the carnage by the 

roadside. 

Imagine you drive through a suburb with 105 wonderful mansions 

Interested in the causes of these people’s wealth, you ring the doorbells 

and ask about the owners’ trades 

At each house, a 50-year old man answers the door and tells you that he 

has been playing Russian roulette since the age of 25 

In Russian roulette, you put a revolver to your head with one of the 

six chambers loaded at random 

Assume that the game is played once a year with a payoff (in the 

event of survival) of $1 million 

If the initial cohort of 25-year olds numbered 10,000, we expect 

about 105 of them to be alive (and wealthy) at the age of 50 

The problem is, there is also a big graveyard (of an expected 9,895 

people), which goes unnoticed 

The survivors enter the history books as “legendary investors” 

(rather than the lucky fools that they are), while the history of the 

dead remains unwritten. 

Thus, in judging investment styles it is important to add the losers to the 

set of observations 

Unfortunately, winners are more visible than losers or, in other words, 

the highest performing realization is the most visible while the losers 

do not show up. 
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Trading rules (technical trading) and data snooping 

Technical trading rules are developed by searching historical stock price 

data for mechanical trading rules that would have been profitable 

(back-testing) 

Fitting the rule on the data is called data snooping 

With sufficient computing power, it is very likely to detect trading rules 

that would have been profitable in the past even in a random data 

series 

Note that random data series (data generated by stock prices that 

follow a random walk with drift) typically present some detectable 

pattern (for random data series rarely look random) 

The problem with these trading rules is that, although they 

would have been profitable in the past, they have no predictive 

power for future asset returns. 
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Adverse selection 

Investors (mutual funds) that advertise the most tend to be those that have 

been the most lucky, possibly because they took excessive risk 

The figure below shows four return histories (out of an infinite number 

of possible histories) created by a Monte Carlo generator 

Two investors invest an initial $1 into an asset that returns either 

15 percent or 5 percent with equal probability (expected return: 

10 percent; dotted line), while two other investors invest in an asset 

that returns either 100 percent or –60 percent with equal probability 

(expected return: 20 percent; solid line) 

 

The risky mutual fund that “outperforms” the two prudent 

mutual funds advertises its performance in shiny investor 

magazines, pointing to its high cumulative five-year return 

Naïve personal investors will buy into the fund and lose 

their money, as we will show below. 

Note that neither of the two low-risk funds is superior to the 

other as judged by the generator (i.e., investment strategy) 

Similarly, neither of the two high-risk funds is superior to the 

other. 
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There is a difference between maximizing expected return and survival in 

financial markets 

The St. Petersburg Paradoxalbeit not being a paradoxillustrates the 

difference between maximizing expected return and survival 

The problem was studied by Daniel Bernoulli (1700-1782) 

Imagine you are offered the following lottery 

A coin is tossed until heads appears for the first time 

The payoff, R , equals the number of tosses, n , before heads appears 

the first time: 

R n n( ) $2  

The probability of no tails ( 0)n   equals 1/ 2, the probability of one 

time tails and then heads ( 1)n   equals 1/ 2  1/ 2 (1/ 2)2  , the 

probability of two times tails and then heads ( 2)n   equals 

1/ 2  1/ 2  1/ 2 (1/ 2)3   , and so forth 

The expected payoff is therefore: 

E( ) prob( ) ( )  
1

2
2  
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Given that the payoff is infinite, should you pay all you can for a ticket 

that admits you to this lottery? 

If your goal is to maximize expected final wealth, E( )wT , your 

maximum willingness to pay (WTP) for participating in the lottery is 

unlimited; also, for a given price of the lottery ticket, you are willing 

to play this game an infinite number of times 

It can easily be shown in a Monte Carlo study that if you bet 

your entire wealth on the lottery and you keep doing this forever, 

you end up poor with certainty: 


lim $1T

T
w  

In the limit, the probability that heads comes up on the first 

toss (in which event you are left with $1 of wealth) is unity. 

The St. Petersburg Paradox highlights the important difference 

between survival in financial markets and maximizing expected final 

wealth (e.g., wealth at retirement) 

If you keep going for the stocks with the highest expected 

returns, you keep going for the stocks with the highest risk; you 

will have little left to start over after a bad draw. 



F.A. Schmid – Behavioral Finance – May 28, 2002 – Chapter 8 – Page 8 of 10 

Logarithmic risk aversion 

Consider the following family of utility functions: 

U w w( )
1

  1 


 ,  

For   0, the logarithmic utility function results: 

U w w( ) ln( )  

Note that logarithmic preferences have a relative risk aversion of unity: 
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It can be shown that an investment strategy that exhibits logarithmic risk 

aversion almost surely leads to more capital (in excess of what is offered 

by investing in the risk-free asset) in the long run than any other 

investment strategy that does not converge to it 

Let us return to the two investment strategies mentioned above 

Invest an initial $1 in an asset that returns either 15 percent or 5 

percent with equal probability (expected return: 10 percent) 

Invest an initial $1 in an asset that returns either 100 percent or -60 

percent with equal probability (expected return: 20 percent) 

Note that this investment strategyits expected return of 20 

percent notwithstandingimplies almost sure ruin in the long 

run: the growth rate of capital converges to -10.56 percent! 

The figure below plots the histories of 1,000 (out of an 

infinite number of possible) investors who follow the risky 

investment strategy over 1,000 periods; all of these investors 

face financial ruin (wealth below a penny), even though 

some of them at some point are millionaires, possibly 

celebrated in the business press and admired by the public 

as legendary investors 
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Back to the St. Petersburg Paradox 

Maximizing expected final wealth by repeatedly risking your entire 

financial wealth in the Petersburg lottery leads to (almost sure) 

financial ruin in the long run 

Which amount of money is an investor with logarithmic 

preferences willing to put at stake in this lottery? 

With logarithmic preferences, the utility from playing the 

lottery equals 

0

E( ) E(ln( )) prob( ) ln( ( ))

n

U w n R n
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Because 0.693 2e  , the investor’s WTP for a lottery ticket is 

$2. 
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Empirical Studies 

9. Excessive Stock Market Volatility 

Reference: 

Shiller, Robert J. (1981) "Do Stock Prices Move Too Much to be Justified by 

Subsequent Changes in Dividends?" American Economic Review 71, 

421-436. 

"A conventional valuation which is established as the outcome of 
the mass psychology of a large number of ignorant individuals is 
liable to change violently as the result of a sudden fluctuation of 
opinion due to factors which do not really make much difference to 
the prospective yield; since there will be no strong roots of 
conviction to hold it steady.  In abnormal times in particular, when 
the hypothesis of an indefinite continuance of the existing state of 
affairs is less plausible than usual even though there are no 
express grounds to anticipate a definite change, the market will be 
subject to waves of optimistic and pessimistic sentiment, which are 
unreasoning and yet in a sense legitimate where no solid basis 
exists for a reasonable calculation." 

 John Maynard Keynes 

The General Theory of Employment, 
Interest and Money, London: 
Harcourt Brace Jovanovich. 1964 
(reprint of the 1936 edition), pp. 154. 



F.A. Schmid – Behavioral Finance – May 28, 2002 – Chapter 9 – Page 2 of 10 

In a seminal article, Shiller (1991) argued that the stock market is more volatile 

than is justified by fundamentals 

Shiller measures stock market fundamentals by the dividend stream the stock 

market generates 

Shiller shows that stock market volatility isdepending on the metric 

five to thirteen times too high to be attributed to new information about 

future real (i.e., inflation-adjusted) dividends if uncertainty about future 

dividends is measured by the standard deviations of real dividends around 

their long-run exponential growth path 

The following two figures illustrate the case for the S&P Composite Stock 

Price Index and the Dow Jones Industrial Average, respectively 
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Source: Shiller (1981). 
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Shiller's theoretical argument runs as follows 

The efficient markets hypothesis can be described, in its simplest form, as 

asserting that 

p E pt t t ( )*  

i.e., the stock price, p t , is the mathematical expectation conditional on 

all information available at time t  of the intrinsic value of the stock, p t
*  

In other words, p t  is the optimal forecast of p t
*  

Let u p pt t t *  be the forecasting error 

A fundamental principle of unbiased forecasts is that the forecasting error, u t , 

is uncorrelated with the forecast itself, p t , that is the covariance between p t  

and u t  must be zero 

If the covariance between p t  and u t  is zero, we can write for the variance of 

u t : 

var ( ) var ( ) var ( )u p pt t t *  

Given that var ( ) 0tu , we can write: 

 p p  *  

In other words, the standard deviation of the forecast,  p , should be 

smaller than the standard deviation of the object of the forecast,  p*  

Remember that forecasts should gravitate toward the mean value, that 

is, be conservative: The less predictable a variable is, the closer the 

forecast should be to the historical mean (or historical growth path, if 

the mean is not stationary). 

The figures above show that this inequality is grossly violated. 
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Shiller admits to two caveats, which have the potential of saving the general 

notion of efficient markets 

First, the large swings in stock market valuation, p t , compared to the ex-post 

rational counterpart, p t
* , could be attributed to changes in the real interest 

rate (which determines the discount rate; see below) 

Because expected real interest rates are not observable, such a 

hypothesis cannot be evaluated conclusively 

However, the movements in expected real interest rates that would justify 

the variability in stock prices are very largemuch larger than the 

movements in nominal interest rates over the sample period. 

Second, the applied measure of uncertainty regarding future dividendsthe 

sample standard deviation of the movements of real dividends around their 

long-run exponential growth pathmight understate the true uncertainty 

about future dividends 

Perhaps the market was rightfully fearful of much larger movements than 

actually materialized 

Remember that the fact that catastrophic events did not occur does not 

imply that the market was wrong in considering them. 
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Dividends versus earnings 

According to the simple efficient-markets model employed by Shiller, the real 

(i.e., inflation-adjusted) price, Pt , of a share at the beginning of the time 

period t  is given by 

P
D

r r
t

t t k

k
k















  
E ( )

(1 )
 ,      0

1

1
1

1
0

 

where D t  is the real dividend paid the end of period t , E t  denotes 

the mathematical expectation conditional on information available 

at time t , and r  is the (constant) real risk-free rate. 

It has been argued that Shiller's model should be replaced by a model 

which makes price the present value of expected (real) earnings (rather 

than (real) dividends) 

In Shiller's model, on the other hand, earnings may be relevant to the 

pricing of shares but only insofar as earnings are indicators of future 

dividends 

Earnings are thus no different from any other economic variable 

that may indicate future dividends (and thus are part of the 

information set captured by E t ). 
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The case against earnings 

First, Shiller's model implies that expected total returns are constant 

and that the capital gains component of returns is just a reflection of 

information about future dividends 

Earnings, in contrast, are statistics conceived by accountants that 

are supposed to provide an indicator of how well a company is 

doing, and there is a great deal of latitude for the definition of 

earnings 

 

Source: Financial Times, Thursday February 14, 2002. 

Note the difference in the two Bloomberg numbers 

According to Zacks Investment Research, 247 of the 

S&P 500 companies reported negative non-recurring items 

in 2000. 

Note that the Datastream number corresponds to the S&P 

number used in the chapter “Stock Market Valuation.” 
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Second, there is no reason why price per share ought to be the 

present value of expected earnings per share if some earnings are 

retained (rather than paid out as dividends) 

In fact, as Merton H. Miller and Franco Modigliani (1961; "Dividend 

Policy, Growth and the Valuation of Shares," Journal of Business 

34, 411-33) argued, such a present value formula wold entail 

double counting 

It is incorrect to include in the present value both earnings at 

time t  and the later earnings that accrue when time t  earnings 

are reinvested 

Miller and Modigliani presented a formula by which price might 

be regarded as the present value of earning corrected for 

investment, but that formula can be shown to be identical to 

Shiller's dividend-based valuation model. 
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Empirical Studies 

10. The Closed-End Fund Puzzle 

Reference: 

Lee, Charles M.C., Andrei Shleifer, and Richard H. Thaler (1991) "Investor 

Sentiment and the Closed-End Fund Puzzle," Journal of Finance 46, 75-109. 

Shleifer, Andrei (2000) Inefficient Markets: An Introduction to Behavioral Finance. 

Oxford: Oxford University Press, Chap. 3. 

Note: The figures and tables in this chapter, if not indicated otherwise, are from 

Lee, Shleifer, and Thaler (1991) 

The closed-end fund puzzle is one of the most perplexing puzzles in finance 

A closed-end fund, like the more popular open-end fund, is a mutual fund that 

typically holds other publicly traded securities 

Unlike an open-end fund, a closed-end fund issues a fixed number of shares 

that are traded on the stock market 

To liquidate a holding in a closed-end fund, investors must sell their 

shares to other investors rather than redeem them with the fund itself for 

the net asset value (NAV) per share as they would with an open-end fund. 

The closed-end fund puzzle is the empirical finding that closed-end fund 

shares typically sell at prices not equal to the share market value of assets 

the fund holds 

Closed-end funds tend to trade at discounts of often 10 or 20 percent, 

after selling at premiums in the initial public offering (IPO). 
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Finance scholars have attempted to solve the closed-end fund puzzle through 

various avenues 

Agency costs 

The agency costs hypothesis tries to explain the discount by the funds' 

operating expenses and by potential sub-par managerial performance. 

Tax liabilities 

The tax explanation argues that the discount is caused by capital gains 

tax liabilities on unrealized appreciation (at the fund level), which are 

not captured by the standard calculation of NAV. 

Illiquid assets 

The argument has been made that closed-end funds hold (to some 

extent) illiquid assets, which are overvalued in the calculation of NAV 

(because they may not be tradable at the quoted price) 

While there is some empirical support for this hypothesis, it should be 

noted that many open-end funds, in particular large ones, hold only 

very small fractions of their assets in illiquid securities. 

In conclusion, it is fair to say that none of the three suggested 

explanations, separately or together, explain the closed-end fund puzzle in 

all its dimensions, which are to be discussed below. 
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Lee, Shleifer, and Thaler (henceforth “the authors”) try to explain the closed-end 

fund puzzle (in all its dimensions) by what they call investor sentiment 

There are four important dimensions of the closed-end fund puzzle, which 

together characterize the life-cycle of the closed-end fund 

First, closed-end funds start out at a premium of almost 10 percent (above 

NAV), when organizers raise money from new investors and use it to 

purchase securities 

Most of this premium results from underwriting and start-up costs 

The reason that investors pay a premium for new funds when old funds 

trade at a discount is to be explained. 

Second, although they start at a premium, closed-end funds move to an 

average discount of over 10 percent within 120 days from the beginning of 

trading, and keep trading at a discount henceforth 

For illustration, the following figure shows the year-end discounts on 

the Tricontinental Corporation (TRICON) fund during 1960-1986 

TRICON is the largest closed-end fund trading on U.S. exchanges, 

with net assets of over $1.3 billion as of December 1986 

For most of the time during the 27 year period, the fund trades at a 

discount, which frequently hovers around 20 percent 
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Third, as the figure above illustrates, discounts on closed-end funds are 

subject to wild fluctuations over time 

Empirical studies document mean reversion in closed-end funds 

discounts and abnormal returns from assuming long positions on funds 

with large discounts. 

Fourth, when closed-end funds are terminated through either a liquidation 

or an open-ending, share prices rise and discounts shrink 

Most of the positive returns to shareholders accrue when discounts 

narrow around the announcement of termination; a small discount 

persists, however, until final termination or open-ending. 
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Investor sentiment 

The authors make an attempt to explain the four dimensions of the 

closed-end fund puzzle with investor sentiment 

The concept of investor sentiment is closely related to the concept of 

noise traders 

Noise traders, unlike sophisticated investors, are unable to distinguish 

information from noise 

Noise traders might show signs of excessive optimism or pessimism 

that manifests itself in investor sentiment 

Sophisticated investors issue closed-end funds to unsophisticated 

investors when the latter are particularly optimistic about stock 

market returns 

Without such a snake oil salesman approach, it is hard to 

explain why investors pay a premium for a closed-end fund 

at the IPO, given that shortly thereafter the fund is likely to 

trade at a discount (and will continue to do so). 

Noise traders are a major source of asset mispricing, because they 

may cause sustained deviations of prices from the securities' intrinsic 

values 

Noise traders add to the risk of securities if the time path of investor 

sentiment is not predictable 

Arbitrageurs who try to eliminate asset mispricing by going 

long on (relatively) underpriced assets and, simultaneously, 

short on relatively overpriced assets, face the risk that the 

mispricing deepens temporarily 

If the time horizon of arbitrageurs were infinite, temporary 

deepening of mispricing would not matter. 
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To the degree that investor sentiment is correlated across noise 

traders, noise trader risk is systematic (rather than idiosyncratic), 

which means that it cannot be eliminated through diversification 

and is consequently priced 

In other words, securities that are affected by noise trader 

risk, trade at a discount relative to securities with identical 

cash flows that are not affected by noise trader risk 

The discount is caused by the higher expected return 

investors demand for the higher systematic risk 

Translated into the world of closed-end funds, if the 

closed-end fund is affected by noise trader risk while the 

securities the fund holds are not, the fund is more risky than 

its portfolio, and consequently the fund trades at a discount 

(after trading at a premium at and shortly after the IPO) 

Note that the discount can be explained without 

assuming pessimistic investor sentiment 

Remember that the figure above is representative in that 

it shows a premium at the IPO and shortly thereafter, 

followed by a persistent (and fluctuating) discount. 

Why is the fund more affected by noise trader risk than its 

portfolio? 

Closed-end funds are owned predominantly by small 

investors (and thus noise traders) while this category of 

investors is less strongly represented in the ownership of the 

portfolios these funds hold 

The authors found the average institutional ownership in 

the closed-end mutual funds in their sample at the 

beginning of 1988 to be just 6.6 percent (median 6.2 

percent) 
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By comparison, average institutional ownership for a 

random sample of the smallest 10 percent of NYSE (New 

York Stock Exchange) stocks is 26.5 percent (median 

23.9 percent), and 52.1 percent (median 54.0 percent) for 

the largest 10 percent of NYSE stocks 

Note that the smaller fraction of institutional ownership in 

small caps (small capitalization stocks) reported by the 

authors is no aberration; although the growth of small cap 

mutual funds has increased, institutional ownership in 

small companies in the 1990s, it is still much lower than 

in large companies. 
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Why don't arbitrageurs eliminate the mispricing (the 

closed-end fund discount) by going long on closed-end funds 

and short on their portfolios? 

First, there is noise trader risk, which we will discuss in the 

chapter "Noise Trader Risk (Limits of Arbitrage I)" 

Second, the holdings of mutual funds are published at the 

end of the quarter only, which means that an arbitrageur 

cannot perfectly track the funds' portfolios 

Arbitrage becomes a powerful force once the fund 

announces an open-ending or liquidation (and the noise 

trader risk goes away) 

As mentioned, upon announcement of open-ending or 

liquidation, most of the discount goes away. 
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Data and variable description for the basic analysis 

The authors started out with a total of 87 funds, of which 68 were selected for 

monthly analysis because they were known to have CUSIP identifiers 

(http://www.cusip.com) 

For these funds, the authors collected the weekly net asset value (NAV) 

per share, stock price, and discount per share as reported by the Wall 

Street Journal (WSJ) from July 1956 through December 1985 

The NAV-per-share information was then combined with the number of 

shares outstanding at the end of each month (as obtained from the 

monthly CRISP [Center for Research of Security Prices at the University 

of Chicago] master tape to arrive at the total net asset value for each fund 

For several of the tests the authors constructed, a value-weighted index of 

discounts (VWD ) both at the annual and monthly levels as follows: 

VWD Wt i it
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The authors also computed changes in the value-weighted index of 

discounts 

VWD VWD VWDt t t  1 , 

which can be done only for funds with available DISC it  and 

NAVit  data at the end of periods t  and t 1 

Of the original 68 funds, 18 were either missing data from the WSJ or did 

not have shares information available on CRSP, and 30 others were bond 

funds 

This left a total of 20 stock funds which participated in the monthly 

VWD  series 

Of these remaining funds, some had relatively short life spans, 

others may occasionally have missing data, so the actual number 

of funds included in computing VWD  and VWD  varied from month 

to month 

In the vast majority of months, at least 10 funds were in the 

index. 
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Empirical evidence 

The concept of investor sentiment which manifests itself primarily in 

investment decisions of personal investorswho constitute the bulk of noise 

traderssuggests that … 

… the discounts are correlated across funds (cross-sectional 

co-movement of discounts) 

… the discounts are largely uncorrelated with stock-market returns (for 

personal investors are less strongly represented among owners of stocks 

of individual corporations than they are among closed-end funds 

shareholders). 

The following figure shows the levels of discounts for the entire sample of 

closed-end funds at the end of each year during 1960-1986 

 

Source: Shleifer (2000, p. 68). 
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When do get funds started? 

The investor sentiment to pricing of closed-end funds suggests that new 

funds get started when existing funds sell at premiums or at small discounts 

The testing of this hypothesis poses several problems 

First, over most of the time period that the authors examine, very few 

funds get started 

Second, it takes time to organize and register a fund, which means that 

funds may start trading much later than the time at which they are 

conceived, or might even be withdrawn. 

The following figure plots the number of funds started each year against 

the VWD  (value-weighted index of discounts) at the beginning of the year 

The fund starts tend to be clustered and coincide with periods when 

discounts are relatively low 
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The following table (authors' Table III) compares the value-weighted 

discounts on seasoned funds in years when one or more new stock funds 

begin trading with the corresponding discounts in years where no stock 

funds begin trading 

From 1961 through 1986, there are 12 years in which one or more 

stock funds get started and 14 years in which no stock funds is 

established 

The average beginning-of-year discount in the former years is 6.40 

percent, compared with 13.64 percent in the latter years; the 

difference is statistically significant 
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Discount movements and returns on portfolios of stocks 

As mentioned, individual investors are significant holders and traders 

of small-cap stocks but less so of large-cap stocks 

The concept of investor sentiment suggests that the change in the 

value-weighted index of discounts, VWD , correlates strongly with 

returns on small caps but less soor not at all with return on 

large caps or the market overall 

The market portfolio is the value-weighted portfolio of 

companies listed at the New York Stock Exchange, VWNY 

The authors construct ten size-rank portfolios of NYSE-listed 

stocks. 
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Column "VWD" of the following table (authors' Table IV) supports the 

hypothesis that the discount change correlates more strongly with 

small-cap than large-cap portfolios 

The (absolute value of the) regression coefficient in column 

"VWD" is monotonically decreasing with size decile, while for the 

largest decile the regression coefficient is even negative 
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The results from the authors' Table IV (above) hold up when the 

sample period is split into two sub-samples (see authors' Table VII 

below) 

The motivation for splitting the sample is the steady increase in 

institutional ownership in small companies over time 

As mentioned, 26.5 percent of the shares of the smallest-decile 

companies were held by institutions in 1988 

An examination of a random sample of the smallest 

decile-companies in 1980 revealed that institutions held only 8.5 

percent of the shares, which means that in just 8 years, 

institutions more than tripled their holding in first-decile 

companies. 

Consistent with the increased importance of institutions as 

small-cap shareholders, the results of Table IV are not as strong for 

the second half of the sample period (10/1975-12/1985) than the 

first (7/1967-9/1975), as shown in the table below (authors' 

Table VII). 

In summary, the evidence suggests that discounts on closed-end funds 

narrow when small-cap stocks do well 

This is consistent with the discount narrowing as individual 

investors turn optimistic and widening as they turn pessimistic. 
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Do closed-end funds hold small-cap stocks? 

Small-cap stocks might trade infrequently, which means that reported 

prices are stale, causing mismeasurement of the fund's NAV 

On the other hand, the fund itself might be frequently traded and prices 

thus be relatively fresh 

Taken together, the measured discount might exaggerate the 

difference between the market capitalization of the fund and the actual 

NAV during times when small caps are thinly traded (and prices update 

infrequently) 
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When a change in beliefs sets in, for instance, when investors turn 

optimistic, turnover increases and prices update more frequently, 

narrowing the discount 

The measured correlation between returns on small caps and the 

discount would thus be an artifact of stale prices of the shares the 

funds hold. 

The following table (authors' Table V) studies the portfolio holding of 

the aforementioned TRICON fund 

The table shows the distribution of the holdings by size decile of the 

stock's market capitalization, every five years, starting in 1965 

The holdings are concentrated in stocks of the largest two 

deciles, which, together with short-term holdings and cash 

equivalents, represent abut 80 percent of the fund's holdings 

In contrast, the fund typically holds less than 4 percent of its 

assets in stocks that belong to the five lowest deciles. 
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The following table (authors' Table VI) repeats the exercise from the 

authors' Table IV, but this time for TRICON only 

That is to say, the authors regress the return on size-ranked 

portfolio deciles on the VWNY (value-weighted NYSE portfolio) 

return and the change in the discount of TRICON (rather than the 

change in the value-weighted discount, VWD ) 

The table shows that TRICON's discount narrows when small caps 

do well, although TRICON holds virtually no small caps 
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Evidence from open-end fund redemption 

The authors regress redemption on open-end mutual funds on the 

change in the value-weighted index of discounts, VWD , and the 

return on the market portfolio, VWNY (value-weighted portfolio of 

companies listed at the New York Stock Exchange) 

The authors employ two concepts of redemption ratios 

"R/S", which is the ratio of net redemption to sales 

"NRED", which is the ratio of "net redemption minus sales" to 

the fund's assets. 

If changes in closed-end discounts are driven by changes in 

investor sentiment, (after controlling for changes in market returns) 

changes in closed-end discount can be expected to vary with 

open-end fund redemption 

The following table (authors' Table XI) confirms this hypothesis 

Note that the authors cut off the post-2/1985 period in Panel B, 

because of the subsequent enormous increase in net purchases 

of open-end funds 

Also, note that the authors did not use the dependent variable 

"R/S" in logarithmic form (as can be judged by the value of the 

intercept) 

The ratio "R/S" is log-normally (rather than normally) 

distributed, because zero is a lower bound. 
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Evidence from Initial Public Offerings (IPOs) 

Another domain in which individual investors are important is initial 

public offerings (of companies other than closed-end funds) 

The investor sentiment hypothesis suggests that these IPOs should be 

more prevalent in times when individual investors are optimistic, i.e., 

when stocks fetch high prices relative to their fundamental values 

See the chapter "Long-Run Performance of IPOs" 

While institutions are more important buyers of IPOs than they are 

of closed-end funds, individuals still account for more than 75 

percent of IPO subscriptions (at the time this study was written). 

The authors regress the annual number of IPOs on the value-weighted 

index of discounts, VWD , and the dividend yield of the S&P 500 Stock 

Price Index, a measure of which the authors assume that it captures 

overall market conditions 

Note that the number of IPOs might be log-normally (rather than 

normally) distributed; consequently, the authors should have 

applied a logarithmic transformation 

The authors' Table XII supports the hypothesis that IPO activity and 

closed-end fund discount are highly correlated, possibly driven by 

the same underlying forceinvestor sentiment 
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The following figure (authors' Figure 4) buttresses the correlation 

between IPO activity and closed-end fund discount 

 

Conclusion 

Closed-end fund discounts are a measure of the sentiment of individual 

investors 

This investor sentiment is sufficiently widespread to affect the prices of 

small-cap stocks in the same way it influences the prices of closed-end 

funds. 

Changing investor sentiment makes funds riskier than the portfolios they 

hold, causing average underpricing of funds relative to fundamentals 

Because the same investor sentiment affects small caps and makes 

them riskier, small caps must also be underpriced relative to their 

fundamentalsthat is, offer a higher expected return as well 
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This phenomenon is known as the small-firm effect and is 

discussed in the chapter "Predictability of Stock Returns" 

In other words, the authors suggest that the small-firm effect is 

clientele-related 

Note that the finding that the small-firm effect has diminished over 

the last couple of years fits into the picture of increased institutional 

ownership in small caps. 
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Empirical Studies 

11. Stock Market Overreaction (I) 

Reference: 

De Bondt, Werner F.M., and Richard H. Thaler (1986) "Does the Stock Market 

Overreact?" Journal of Finance 49: 793-807. 

"… prices have been based too much on current earning power and 
too little on long-term dividend paying power" 

 John Burr Williams 

The Theory of Investment Value, 
Amsterdam: North-Holland, 1956 
(reprint of the 1938 edition), p. 19. 

"… the interval required for a substantial underevaluation to correct 
itself averages approximately 1 1/2 to 2 1/2 years" 

 Benjamin Graham 

The Intelligent Investor: A Book of 
Practical Counsel, 3rd. ed. New 
York: Harper & Brother, 1959, p. 37. 
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Note: All figures and tables in this chapter are from Bondt and Thaler (1986) 

The Bond and Thaler (1986) study tries to establish evidence for overreaction in 

the stock market 

Companies with very low P/E (price/earnings) ratios tend to be temporarily 

"undervalued" because investors have become excessively pessimistic after 

a series of bad earnings reports or other bad news 

Remember that undervaluation means that the company's market value 

falls short of the intrinsic value 

As the company's market value eventually reverts to the intrinsic value 

(mean reversion; regression to the mean), the company's stock 

outperforms the market 

Mean reversion implies predictability of returns 

Remember that such abnormal returns violate the weak form of market 

efficiency. 
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To gauge overreaction, the authors use three alternative concepts of return 

residual, yet report empirical results only for one of them 

Sharpe-Lintner CAPM residuals 

In the CAPM, the following risk-return relationship holds for any 

portfolio (stock) j : 

r r r r Ej t f t j m t f t j t j, , , , ,       ( )  , [ ] 0  

where r f  and rm  are the risk-free rate of the return and the 

"market" rate of return, respectively 

After estimating the parameter  j  econometrically, we can write for 

the return residual: 

 
, , , , , j t j t f t j m t f tr r r r    ( ) ( )  

The residual  j  is an abnormal return 

The CAPM (as well as the ordinary least squares method) 

implies that, on average,  j  is zero. 

The residual is a beta-adjusted return; it measures the stock's 

return over and above what one would predict based on market 

movements in that period, given the stock's sensitivity to the 

market portfolio. 
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Market-model residuals 

The market model reads 

r rj t j j m t j t, , ,       

After estimating the parameters  j  and  j  econometrically, we 

can write: 

  
, , ,  j t j t j j m tr r   ( )  

Again, the residual is an abnormal return; like the CAPM residual 

return, it is a measure for the stock's return over and above what 

one would predict based on market movements in that period, 

given the stock's sensitivity to the market portfolio 

The difference to the CAPM is twofold: 

The parameter   is set to zero in the CAPM 

The CAPM uses excess returns ( ; )r r r rj t f t m t f t, , , ,  , rather 

than raw returns ( ; )r rj t m t, , . 

The motivation for the market model is that the Sharpe-Lintner 

model is highly structured 

Highly structured models are most susceptible to the joint 

hypothesis problem. 
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Market-adjusted excess returns (the only of the three concepts for which 

empirical results are reported) 

 t j t m tr r , ,  

The residual is no abnormal return; rather, it is an excess return 

The residual measures the stock's return over and above the 

market. 

Note that this approach implicitly assumes that all stocks are 

equally sensitive to market movements, i.e., that all stocks have a 

market beta equal to one. 
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The authors use monthly return data for New York Stock Exchange (NYSE) 

common stocks for the period January 1926 through December 1982, as 

compiled by the Center for Research in Security Prices (CRSP) of the 

University of Chicago 

The authors choose 36-month windows (test periods), starting in January 

1930, January 1933, …, January 1975 

Stocks that qualify must have at least 48 consecutive months of return 

data prior to the test period available 

There is a total of 16 non-overlapping test periods, which are preceded 

by 36-month portfolio formation periods 

For each portfolio formation period, the authors calculate the 

cumulative market-adjusted excess return 

 t

t

j t m t

t

r r

 

  

1

36

1

36

( ), ,  

The authors rank the stocks by their performance during the portfolio 

formation period 

The top 35 (50; top decile) stocks are assigned to the winner 

portfolio ( )W  

The bottom 35 (50; bottom decile) are assigned to the loser 

portfolio ( )L . 

For each of the 36 months of the test period, the authors calculate the 

market-adjusted excess return of each stock in the winner and loser 

portfolios, respectively 

For each portfolio, the authors average (seemingly without weighting) 

the market-adjusted excess returns of the individual stocks 

The number of stocks in the portfolios W  or L might decrease over 

time as stocks are taken off the ticker. 
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Cumulative average excess market-adjusted returns 

 

36 months after portfolio formation, loser portfolios of 35 stocks have 

outperformed the market by, on average, 16.9 percentage points 

Winner portfolios, on the other hand, have earned about 5 

percentage points less than the market 

The difference in cumulative abnormal returns between the two 

portfolios within the 36-month period equals 24.6 percentage points 

and is statistically significant (t-statistic: 2.20) 

Also, the overreaction effect is asymmetric in that it is larger for 

losers than for winners. 
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Moreover, there is a pronounced "turn-of-the-year effect" ("January 

effect") in that most of the excess returns are realized in January 

In months t  1, t 13 , and 25t  , the loser portfolio earns excess 

returns of, respectively, 8.1 percentage points (t-statistic: 3.21), 5.6 

percentage points (3.07), and 4.0 percentage points (2.76) 

The January effect is due to tax-induced selling 

If a stock has suffered a severe loss over the calendar year, 

personal investors might realize the tax loss late in the year 

before repurchasing the stock after a period of at least 30 days. 

Consistent with Graham's claim, the correction mostly occurs during 

the second and third years of the test period. 
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The following table shows results for … 

… alternative sizes of winner/loser portfolios (50 stocks; deciles) 

… alternative lengths of the portfolio formation period (1,2,5 years) 

… alternative lengths of the test period (1-60 months) 

 

Note that for a formation period of one year (last row of table), no reversal 

is observed, which is confirmed in the following figure 
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The upper (middle) line indicates a portfolio formation period of 36 (24) 

months 

Note that for a formation period of one year (last row of table), there is 

momentum 

The lower portfolio remains a loser over the first year of the test 

period 

Generally, momentum might indicate initial underreaction or it might 

indicate that overreaction takes time to run its course 

The evidence provided in the Bondt and Thaler study does not 

allow one to distinguish between the two possible causes. 
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Are the results due to risk? 

Remember that the concept of the market-adjusted excess return implies 

a beta of unity 

Is the difference in performance between the two portfolios an artifact of 

the winner portfolio having higher systematic risk (a higher market beta) 

than the loser portfolio? 

The authors estimate the CAPM betas of the portfolios for the portfolio 

formation period and find that for the portfolios displayed in Figure 1, 

the beta of the winner portfolio equals 1.369, while the beta of the loser 

portfolios amounts to only 1.026 (t-statistic: 3.09) 

(The t-test might be incorrect because the estimated betas are 

stochastic) 

The authors conclude that the market-adjusted approach 

underestimates the magnitude of the mean reversion (and thus the 

initial overreaction) 

The authors fail to recognize that what matters is the beta 

during the test period, rather than the beta of the portfolio 

formation period. 
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Finally, the authors look into a trading rule where the investor forms a loser 

portfolio (at the end of) every December between 1932 and 1977 (based on a 

the performance in the prior five years) and holds on to each of these 

portfolios for five years 
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Conclusion 

Investors tend to overreact to strings of bad news, which causes 

undervaluation of losers and subsequent mean reversion 

Portfolios that have been beaten down over the last two or three 

calendar years create abnormal returns over the next three years. 

Before mean reversion sets in, there is momentum in stocks 

Portfolios that have been losers during the last calendar year stay 

losers for another calendar year. 

Momentum as well as mean reversion makes returns predictable. 
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Criticism 

K.C. Chan (1988, "On the Contrarian Investment Strategy," Journal of 

Business 16, 147-163) and R. Ball and S.P. Kothari (1991, "Security 

Returns around Earnings Announcements," The Accounting Review 66, 

718-738) argue that the return reversals evidenced by De Bondt and 

Thaler are due primarily to systematic changes in equilibrium-required 

returns 

Ball and Kothari report that the betas of extreme losers exceed the 

betas of extreme winners by 0.76 following the portfolio formation 

period (i.e., during the test period) 

 Given historical risk premiums ( )r rm t f t, , , this difference can 

explain a great deal of the differences in realized returns 

between the winner and loser portfolios 

 Remember that De Bondt and Thaler look at the betas of the 

portfolio formation period, not at the betas of the test period. 

P. Zarowin (1990, "Size, Seasonality, and Stock Market Overreaction," 

Journal of Financial and Quantitative Analysis 25, 113-125) argues that 

the return reversals found by De Bondt and Thaler might be due to the 

small firm effect 

Small firms are over-represented in loser portfolios. 



F.A. Schmid – Behavioral Finance – January 7, 2002 – Chapter 12 – Page 1 of 38 

Empirical Studies 

12. Stock Market Overreaction (II) 

Reference: 

Chopra, Navin, Josef Lakonishok and Jay R. Ritter (1992) “Measuring Abnormal 

Performance: Do Stocks Overreact?” Journal of Financial Economics 31, 

235-268. 

Note: All figures and tables in this chapter are Chopra, Lakonishok and Ritter 

(1992) 

The Chopra, Lakonishok and Ritter (1992) study is a follow-up to Bond and 

Thaler (1986) 

Chopra, Lakonishok and Ritter try to correct (what they think are) deficiencies 

of the De Bondt and Thaler study 

K.C. Chan (1988, “On the Contrarian Investment Strategy,” Journal of 

Business 16, 147-163) and R. Ball and S.P. Kothari (1991, Security 

Returns around Earnings Announcements, The Accounting Review 66, 

718-738) argue that the return reversals evidenced by De Bondt and 

Thaler are due primarily to systematic changes in equilibrium-required 

returns 

Ball and Kothari report that the betas of extreme losers exceed the 

betas of extreme winners by 0.76 following the portfolio formation 

period 

Given historical risk premiums ( )r rm t f t, , , this difference can 

explain a great deal of the differences in realized returns between 

the winner and loser portfolios 

Remember that De Bondt and Thaler look at the betas of the 

portfolio formation period, not at the betas of the test period. 
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P. Zarowin (1990, Size, Seasonality, and Stock Market Overreaction, 

Journal of Financial and Quantitative Analysis 25, 113-125) argues that 

the return reversals found by De Bondt and Thaler might be due to the 

small firm effect 

Small firms are over-represented in loser portfolios. 
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Empirical methodology 

The authors use monthly data for New York Stock Exchange (NYSE) 

common stocks from 1926 to 1986, as compiled by the Center for Research 

in Security Prices (CRSP) of the University of Chicago 

Only stocks that have been listed continuously for a period of five calendar 

years are included; this five-year period is called the ranking period (year 

4 to year 0; the ranking period compares to the portfolio formation period 

in De Bondt and Thaler (1986)) 

The stocks are ranked into twenty portfolios, based on their 

buy-and-hold raw returns during the five-year ranking period 

The first ranking period ends in December 1930, and the last one ends 

in December 1981 

There is a total of 52 (overlapping) ranking periods. 

The post-ranking periods (year 1 to year 4; the post-ranking period 

compares to the test period in De Bondt and Thaler) are overlapping 

five-year intervals starting with 1931-35 and ending with 1982-86 

To avoid a survivorship bias, the authors do not require that the stock 

remains listed for the whole post-ranking period 

In the sample in question, approximately 22 percent of the companies 

in the extreme loser portfolio are delisted during the post-ranking 

period, while the corresponding number for the extreme winner 

portfolio is only 8 percent 

Delistings are mainly due to bankruptcies and takeovers. 
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For each of the twenty portfolios, the authors obtain a time series of 52 

portfolio returns for each of the ten event years (five-year ranking period 

plus five-year post-ranking period) 

For each of the twenty portfolios, p  1,...,20, and each of the ten event 

years,  1,...,10, the authors estimate the following model based on 

52 annual observations: 

r r r r Ep f p p m f p p, , , , ,             ( )  , [ ] 0 

where r f  and rm  are taken from the respective calendar years 

The model differs from the Sharpe-Lintner CAPM in that it contains 

a parameter  , called Jensen’s alpha 

If a portfolio p  outperforms (underperforms) the market, its   is 

greater (smaller) than zero (and statistically significant) 

Jensen’s alpha is a direct measure of an abnormal return. 

The market portfolio, m , is alternatively the equally-weighted (EW) 

market return on NYSE stocks or the corresponding value-weighted 

(VW) market return 

The risk-free rate, r f , is the annual return on Treasury bills (T-bills) 

(possibly 30-day maturities, rolled over). 
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Table1, columns (1)-(5) presents the empirical results of the estimated model 

The annual raw returns, on the basis of which the portfolios were formed 

in the five-year ranking period, are shown in column (1), averaged over 

the 52 moving windows 

Estimates of the alphas and betas for the equally-weighted portfolio (EW) 

are displayed in columns (2)-(3), while estimates for the alphas and betas 

of the value-weighted (VW) portfolio are shown in columns (4)-(5) 

For each of the twenty portfolios, the alphas and betas were averaged 

over the five-year post-ranking period. 

The difference in raw returns—which are greater than zero for all 

portfolios—between the extreme winner and loser portfolios is shown as 

r r1 20 14.0 percent  age points per annum 

Added up over the five-year post-ranking period even before 

compounding, the difference in returns amounts to 70 percentage 

points 
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The difference in betas between the extreme winner ( )w  and loser ( )l  

portfolios amounts to 0.79 

Given an equity risk premium, r rf m , in the range of 

14 15 percent age points using the equally-weighted portfolio (for 

which the mean alpha is zero), the CAPM predicts a difference in 

returns of approximately 11 percent : 

r r r r r rw l w f l f    ( ) ( ) 

          
, , , ,   w m t f t l m t f tr r r r( ) ( )  

      ( ) ( ) 0.145 0.79 11.5 percent 
, , w l m t f tr r  

Consequently, only 2.5 percentage points of the 14 percentage 

point difference in the performance of the extreme winner and 

loser portfolios are due to abnormal returns 

As shown in column (2), the difference in Jensen’s alphas 

between the extreme winner and loser portfolios is indeed 

2.5 percentage points. 
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Numerous studies have found that the securities market line is flatter than 

implied by the slope r rf m , which is the unit price of systematic risk in 

the CAPM (the equity (market) risk premium) 

If the empirical equity risk premium is indeed lower than implied by the 

CAPM, the measured difference in the alphas between the loser and 

the winner portfolios underestimates the actual difference in abnormal 

returns 

Instead of deriving the market compensation per unit of systematic risk 

from the CAPM, the unit price of systematic risk can be estimated 

empirically by regressing the averaged twenty post-ranking period raw 

returns, rp , on the averaged betas,  p  shown in Table 1: 

r a b Ep p p p       ,  [ ] 0  

The authors employ this methodology, using portfolios that were 

formed based on the ranking-period betas (rather than the 

ranking-period raw returns, which were used for columns (1)-(5) in 

Table 1 

First, alpha and beta are estimated for each stock: The stock is 

then ranked on the basis of the estimated beta into one of 

twenty portfolios 

The averaged estimated post-ranking period alphas and 

betas of these twenty portfolios, along with the raw returns, 

are shown in columns (6)-(8) in Table 1. 

Second, the market compensation per unit of systematic risk is 

estimated using the data on averaged raw returns and averaged 

betas displayed in columns (6) and (8) of Table 1 

The regression results are displayed in Figure 1a. 
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The regression equation has an intercept of 8.5 percent and a 

slope (unit price of systematic risk) of 9.5 percent 

The 8.5 percent intercept is markedly higher than the 

average risk-free rate of return in the sample period of about 

3.5 percent 

The slope coefficient of 9.5 percent is considerable lower 

than the 14-15 percent equity (market) risk premium 

Differences in betas do not generate differences in 

returns during the sample period as great as assumed by 

the Sharpe-Lintner CAPM 

This finding is consistent with other empirical studies on 

the unit price for systematic risk. 
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According to Figure 1a, the difference in abnormal return 

between the extreme winner and loser portfolios (marked in the 

figure) amounts to 6.5 percentage points 

The abnormal return of 6.5 percentage points based on the 

empirical securities market line exceeds considerably the 2.5 

percentage points derived theoretically from the 

Sharpe-Lintner CAPM. 
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Is the measured abnormal return difference between the extreme loser and 

winner portfolios a truly risk-adjusted return, or is an artifact of a neglected 

risk factor? 

Zarowin (1990) has shown that losers have lower market capitalizations 

than winners 

If firm size is a risk factor—as assumed in multi-factor models—then 

overrepresentation of small firms in loser portfolios may explain why 

loser portfolios outperform the market. 
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Figure 2 plots the joint distribution of firms categorized by size and prior 

returns 

 

Figure 2 shows that in the smallest size quintile, 40 percent of the firms 

are in the extreme loser quintile, while only 10 percent are in the 

extreme winner quintile. 
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Figure 3 plots the joint distribution of average annual raw returns in the 

post-ranking period, categorized by size and prior returns 

 

On average, size constant, the extreme loser quintile has a 5.4 

percentage point higher average annual return than the extreme 

winner quintile 

On average, prior returns constant, the smallest size quintile has an 

8.2 percentage point higher average annual return than the largest size 

quintile. 
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Table 2 reports differences in size-adjusted returns between extreme 

winner and loser portfolios 
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Column (1) of Table 2 is identical to column (1) of Table 1; it shows the 

ranking-period raw returns of twenty portfolios ranked by raw returns 

(rather than betas, as done in column (6) of Table 1) 

Remember that the difference in raw returns between the extreme 

loser and winner portfolios equals 14.0 percentage points (r r1 20 ; 

Table 2, column (1), last row). 

Column (2) shows the returns on control portfolios formed by matching 

size (size-control porfolios) 

To construct the size-control portfolios, the authors rank the 

population of firms at the end of the portfolio formation period by 

market capitalization and assign them to one of twenty size 

portfolios 

The authors then calculate for each of the twenty portfolios ranked 

by raw returns which fraction of firms falls into each size portfolio 

These fractions serve as weights when calculating the raw 

return of the size-control portfolio. 

The return of the size-control portfolio shown in column (2) is a 

weighted average of the returns of all twenty portfolios, ranked by 

size. 

In column (3) the authors report the average annual return on “purged” 

size-control portfolios 

These portfolios have been formed in a manner identical to that 

employed in column (2), with the exception that the population of 

firms from which the size portfolios are drawn has been purged of 

firms in prior return portfolios 1-5 (losers) and 16-20 (winners). 
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In column (5), the authors report excess returns computed by 

subtracting the unpurged size-control returns (column (2)) from the raw 

returns (column (1)) 

There is a nearly monotonic decrease in the excess returns as one 

goes from portfolio 1 (extreme losers) to portfolio 20 (extreme 

winners) 

The difference in excess returns between the extreme loser and 

winner portfolios averages 6.6 percentage points per annum during 

the five post-ranking years 

When size is controlled for without account for the correlation of 

size and prior returns, mean reversion might be underestimated. 

In column (6), the authors report excess returns computed by 

subtracting the purged size-control returns (column (3)) from the raw 

returns (column (1)) 

The results accentuate the findings for the unpurged size-control 

portfolios 

The difference in excess returns between the extreme loser and 

winner portfolios averages 9.7 percentage points per annum during 

the five post-ranking years. 



F.A. Schmid – Behavioral Finance – January 7, 2002 – Chapter 12 – Page 17 of 38 

Seasonal return patterns 

Table 3 reports average post-ranking period raw returns and (unpurged) 

size-adjusted returns … 

… on an annual basis 

… for the month of January (not annualized) 

… for the period of February-December (11-month compounded 

returns). 
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In Table 3, columns (1)-(6), the portfolios are formed on the basis of 

five-year prior returns 

Column (1) is identical to column (1) in Tables 1 and 2 

Column (4), which shows the size-adjusted raw returns, is identical to 

column (6) in Table 2. 

In Table 3, columns (7)-(12), the portfolios are formed on the basis of 

one-year prior returns (a one-year ranking period) 

Column (1) is identical to column (1) in Tables 1 and 2 

Column (4), which shows the size-adjusted raw returns, is identical to 

column (6) in Table 2. 

Inspection of columns (1)-(6) in Table 3 shows that the overreaction effect 

is concentrated in January, consistent with the graphical evidence 

provided in De Bondt and Thaler (1985), Fig. 3 

The differences in average annual and January returns between the 

extreme winner and loser portfolios ( )1 20r r  are statistically 

significant (see the displayed p-values) for both raw returns (Table 3, 

columns (1) and (2)) and risk-adjusted returns (columns (4) and (5)) 

The corresponding difference in average February-December returns 

between the extreme winner and loser portfolios are not statistically 

different from zero (see Table 3, column (3), for raw returns and 

column (6) for risk-adjusted returns). 
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Is the January effect due to tax-loss selling? 

If a stock has fallen sharply below the purchase price, individual 

investors tend to realize the loss at the end of the calendar year, just to 

buy back the stock in January after the mandatory 30-day waiting 

period 

If the January effect is due to tax-loss selling, the effect might be 

strongest when portfolios are based on a one-year ranking period 

Columns (7)-(12) in Table 3 show the seasonal breakdown of raw 

and risk-adjusted returns for one-year ranking periods 

The return reversal for the one-year post-ranking period is 

smaller than for portfolios based on five-year ranking periods 

Using annual size-adjusted returns, the difference in returns 

between the extreme winner and loser portfolios is 9.7 

percent per year using five-year ranking periods, but only 3.5 

percent per year using one-year ranking periods (see 

r r1 20  in columns (4) and (10)) 

The return reversal for January, as a fraction of the total 

annualized return reversal, is indeed higher for one-year 

ranking periods (in fact, this fraction exceeds 100 percent; 

see r r1 20  in columns (7)-(8) and (11)-(12)). 

There is momentum (negative values of r r1 20 ; statistically 

significant) in the first year of the five-year post-ranking period 

(year 1) 

Focusing on size-adjusted returns, in the first post-ranking 

year, prior five-year ranking period losers outperform 

winners by an annual 11 percentage points (column (4)), 

whereas prior one-year ranking period losers underperform 

winners by an annual 15.2 percentage points (column (10)) 
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In other words, when winners and loser are chosen on 

the basis of one-year returns, losers continue to lose and 

winners continue to win during the next year 

Similar evidence for momentum has been reported in 

De Bondt and Thaler (1986) as reported in the 

chapter “Stock Market Overreaction (I).” 

On momentum in stock prices see the chapter “Stock 

Market Underreaction (Drift).” 
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Multivariate regression analysis 

Multivariate regression allows the authors to simultaneously control for the 

influence of firm size, prior return, and systematic risk (beta) 

For each of the 52 ranking periods, … 

… the companies are, independently, ranked into 20 size categories by 

market value at the end of the five-year ranking period … 

… and ranked into 20 return categories based on the five-year ranking 

period (raw) return 

… there are 400 cells, which might not all be of the same number of 

firms n kk , 1,...,400 . 

First, for each of the 400 cells (portfolios, p  1,...400), the market beta is 

estimated from a pooled (across post-ranking years,  1,...,5, and 

companies, j nk1,..., ) regression: 

r r r r Ej f m f,          ( )  , [ ] 0 

where r f  and rm  are taken from the respective calendar years. 

Second, the portfolio’s excess return is regressed on the portfolio’s size 

category, ranking-period raw return category, and beta: 

r r a a SIZE a RETURNp f p p     0 1 2  

   a Beta e E ep p p3  , [ ] 0 
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The empirical results displayed in Table 4, Panel A, show the following: 

The return on the portfolio … 

… decreases with firm size 

… decreases with the ranking-period raw return 

… increases with the market beta. 

The RETURN coefficient of -0.254 implies that after controlling for size 

and systematic risk (beta), extreme losers outperform extreme winners 

by an average 4.8 percentage points per annum for the five 

post-ranking years 

The coefficient on beta of 5.438 percent is lower than the 9.5 percent 

reported in Figure 1a, which means that the empirical securities market 

line is even flatter than the one shown in Figure 1a 

The results displayed in Figure 1a might suffer from an omitted 

variable bias, because the analysis did not control for firm size 

Quantitatively, the overreaction effect is nearly as great as the 

small firm effect. 
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Panel B of Table 4 shows results from monthly returns (rather than annual 

returns 

The results, after multiplying by 12, are quantitatively similar to the 

those in Panel A 

The overreaction effect is slightly stronger; extreme losers 

outperform extreme winners in the five-year post-ranking period by 

an annual 5.2 percentage points 

The compensation per unit of beta (systematic risk) amounts to 4.4 

percent per year, which falls short of the 5.4 percent reported in 

Panel A for annual return data. 

In Panels C and D, the authors allow the overreaction effect to vary by firm 

size (small caps, mid caps, and large caps) 

The overreaction is strongest for small caps, much weaker for mid 

caps and statistically insignificant for large caps 

Among small caps, extreme losers outperforms extreme winners in 

the five-year post-ranking period by a staggering 7.9 percentage 

points per year 

For mid caps, this difference is only 3.5 percentage points, while 

for large caps it is a statistically insignificant 2.6 percentage 

points. 

Note that the regression coefficient of beta is insignificant in Panel C 

(annual returns) and in Panel D (monthly returns) 

The regression coefficient of beta is insignificant in Panel B 

(monthly returns) and barely significant in Panel A (annual returns). 
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In Table 5, the authors elaborate further on the influence of firm size on 

overreaction 

For each size decile, the authors offer estimates for the following 

regression equation: 

r r a a RETURN a Beta e E ep f p p p p       0 1 2  , [ ] 0 

Each of the 10 size deciles uses 40 portfolios out of the 400 cells 

formed for the analysis displayed in Table 4 

Size decile 1 comprises the smallest, and size decile 10 comprises the 

largest companies. 
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Table 5 shows that the absolute value of the regression coefficient of the 

RETURN  variable decreases with firm size, which indicates that the 

overreaction effect declines with firm size 

The last column of Table 5 shows the implied annual percentage point 

difference between the extreme loser and the extreme winner 

portfolios, holding size and beta constant 

The differences are plotted in Figure 4 
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Figure 4 demonstrates an overreaction effect for small caps of 

10 percentage points per year (which results in a staggering 50 

percent per five years, even before compounding) 

For the largest 20 percent of NYSE companies (roughly the 

S&P 500), there is no evidence of overreaction 

Because small caps are primarily owned by individuals while 

large caps are primarily owned by institutional investors, the 

results indicate that while individuals overreact, institutions 

do not 

The regression coefficient for beta varies greatly across size 

deciles; it is statistically significant only for two of the ten size 

deciles 

For the largest two size deciles, which constitute the bulk 

of the market capitalization, beta is far from statistically 

significant. 

Also, for the largest two deciles the values of the R 2  

statistics are virtually zero 

With no evidence for market sensitivity or overreaction 

among large caps, the authors conclude that, for large 

caps, a stock is a stock. 
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Evidence for overreaction to earnings announcements 

The authors establish further evidence of overreaction by analyzing stock 

returns around earnings announcements 

The authors restrict themselves to (five-year) ranking periods that end 

in the period 1970-81, for which they find 227,522 earnings 

announcements on file 

For each earnings announcement, the authors calculate the raw return 

of the respective stock in a three-day window, the last day of which is 

the day of the announcement 
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Figure 5 plots the three-day earnings announcement period returns 

using the same firm-size quintiles and ranking-period return quintiles 

used in Figures 2 and 3 

The small losers have average three-day returns of 0.958 percent, 

while the large winners have three-day returns of 0.001 percent 

Returning to the twenty portfolios (used in the prior quantitative 

analyses), the average earnings announcement return for extreme 

losers is 0.63 percent, while the corresponding return for the 

extreme winners is zero 

Thus, the evidence from earnings announcements indicates that 

the market is systematically surprised at subsequent earnings 

announcements in a manner consistent with the overreaction 

hypothesis. 
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Is the earnings announcement effect displayed in Figure 5 due to firm 

size, firm risk or even both? 

V.V. Chari, R. Jagannathan, and A.R. Ofer (1988, “Seasonalities in 

Security Returns: The Case of Earnings Announcements,” Journal of 

Financial Economics 21, 101-121) document that small caps have 

higher earnings-announcement-period returns than large caps 

Also, Chari, Jagannathan, and Ofer hypothesize that because of the 

increased flow of information around earnings announcements, these 

periods are riskier than non-announcement periods 
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Chopra, Lakonishok and Ritter thus carry out a multivariate regression 

analysis that allows them to control for firm size and systematic risk 

(beta) simultaneously 

For each of the ranking periods that end in the period 1970-1981, 

firms are, independently, … 

… ranked into 20 size categories by market value at the end of 

the five-year ranking period 

… ranked into 20 return categories based on the five-year 

ranking period (raw) return. 

There are 400 cells, which might not all be of the same number 

of firms n kk , 1,...,400  

Six cells are dropped because they have fewer than 100 

observations (earnings announcements). 

In the first step, for each of the 394 cells (portfolios, p  1,...394), 

for the three-day earnings-announcement window the market beta 

is estimated from a pooled (across post-ranking years,  1,...,5, 

and companies, j nk1,..., ) regression of the following market 

model: 

r r Ej m,         , [ ] 0 

where rm  is the respective three-day market return. 

In the second step, the portfolio’s excess return is regressed on the 

portfolio’s size category, ranking-period raw return category, and 

beta: 

r a a SIZE a RETURNp p p    0 1 2  

   a Beta e E ep p p3  , [ ] 0 
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The regression coefficient shown in Table 6 indicate that, 

holding beta and firm size constant, the earnings announcement 

returns are greater for prior ranking-period losers than for prior 

winners 

Multiplying the coefficient of -0.0142 by -19 results in an 

abnormal return of the extreme loser portfolio over the 

extreme winner portfolio of 0.27 percentage points per 

announcement 

Since there are four (quarterly) earnings announcements 

per year, the extreme loser portfolio outperforms the 

extreme winner portfolio by 1.08 percentage points 

during these 12 trading days alone. 
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Conclusion 

There is overreaction, momentum, and mean reversion in the stock 

market, consistent with the evidence provided by De Bondt and Thaler 

(1986) 

Due to overreaction, extreme loser portfolios outperform extreme winner 

portfolios by (depending on the approach employed) an annual 5-10 

percentage points in the five years following the five-year ranking period 

The evidence for overreaction is buttressed by findings of abnormal 

returns due to stock price movements around quarterly earnings 

announcements 

Overreaction is stronger for small caps, which are predominantly held 

by individuals; there is only weak evidence for overreaction in large 

caps, which are predominantly held by institutional investors 

Institutions—by virtue of having an infinite time horizon—might 

prevent overreaction by picking up stocks that are dumped by 

individuals in response to bad news. 

There is a strong seasonal return pattern in mean reversion 

The return reversal (abnormal positive returns for portfolios based on 

five-year formation periods) is entirely due to the month of January 

(Table 3, columns (4-6), row “r r1 20 ”). 
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There is momentum, which indicates that overreaction takes time to run its 

course 

Portfolios based on one-year formation periods show negative 

abnormal returns over the year following the portfolio formation period 

(Table 3, columns (10-12), row “r r1 20  in year 1  “) 

The return reversal that has taken effect after five years is smaller for 

the one-year formation period (due to momentum) than for the 

five-year formation period as momentum has fizzled out (in Table 3, 

row “r r1 20 ,” compare columns (10-12) to columns (4-6)). 
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Investment advice 

For large caps (e.g., the S&P 500), there is only weak evidence for 

overreaction (no evidence in Fig. 4; weak evidence in Fig. 5 [earnings 

announcements]) 

The deep value approach (picking stocks that are trading at around 60 

percent of intrinsic value) is more promising for mid caps and small caps 

than for large caps 

The further one moves away from large caps, the more likely it is that 

stocks take prolonged swings away from their fundamental value 

Small cap portfolios might lag the performance of large cap portfolios 

for several years before the return reversal in the small cap portfolio 

sets in. 
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Empirical Studies 

13. The Long-Run Performance of IPOs 
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Terminology and administration 

One way of raising equity capital is to sell shares to the public 

The market for shares that are yet to be issued is called the primary 

market 

After issuance, shares trade in the aftermarketa term commonly used in 

conjunction with IPOsor, synonymously, the secondary market. 

There are two types of public share offerings 

In initial public offerings (IPOs), stocks are issued by a heretofore privately 

owned company 

In seasoned equity offerings, traded companies issue additional stock. 

In private placements, stocks are issued not to the public but to a few 

institutional investors or wealthy individuals 

Public offerings of securities are typically marketed through underwriting by 

investment banks 

There is a lead underwriter, whichalong with the other investment 

banksforms the underwriting syndicate 

The investment banks advise the issuing firm regarding the terms on 

which it should market the securities. 

There are two types of underwriting procedures 

In a firm-commitment underwriting agreementthe most common type of 

underwriting in the United Statesinvestment banks purchase the 

securities from the issuing company and resell them to the public less a 

spreadtypically seven percentthat serves as compensation for the 

underwriters 

In a best-effort underwriting agreement the investment banks agree to 

help the firm sell the issue to the public but do not actually purchase the 

securities. 
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Public offerings are regulated 

A preliminary registration statement must be filed with the SEC (Securities 

and Exchange Commission; http://www.sec.gov), describing the equity 

issue and the prospects of the company 

This preliminary prospectus is known as a red herring because of a 

statement printed in red ink stating that the company shall not attempt 

to sell the security before the registration is approved 

After the SEC has approved the registration statement filed by the 

issuer, it is called a prospectus 

At this time, the investment bank announces to the public an offer 

pricewhen there is fixed-price underwritingor a price 

rangewhen there is bookbuilding. 

Bookbuilding 

Once the SEC has commented on the registration statement and a 

preliminary prospectus has been distributed to prospective investors, the 

investment banks organize a road show in which the issuer and the 

underwriter market the company 

Large investors communicate their interest in purchasing share of the 

IPO to the underwriters 

These indications are called books, and the process of pooling 

potential investors is called bookbuilding 

It is common for an investment bank to revise, based on feedback 

from the investing community, both the initial estimate of the offer 

pricesthat is, the midpoint of the announced price rangeand the 

number of shares to be offered 

Shares of IPOs are allocated to investors in part based on the 

strength of each investor's expressed interest. 
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Underwriters do not only have price discretion, they also have quantity 

discretion 

In allocating shares, they do not only control who gets shares, they 

also decide how many shares are allocated in total 

Almost all IPOs contain an overallotment optioncalled Green 

Shoe option after the first company that included it in its 1963 

IPOfor up to 15 percent of the shares offered 

Then, if the price weakens the underwriter canbut does 

not have tobuy back the extra 15 percent and retire the 

shares as if they had not been issued in the first place 

The Green Shoe serves as an insurance of the investment 

bank against aggravating clients through rationing, 

increasing the bank's marketing effort. 
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There are three anomalies in the pricing of initial public stock offerings 

First, there is short-run underpricing 

Starting with an SEC report in 1963, numerous studies have provided 

evidence for positive average initial returns of IPOs 

Typically, initial returns are calculated by comparing the offer price to 

the market price at the end of the first day of trading. 

Second, there are "hot issue" marketsthat is, periods of extraordinary high 

volume of IPO activity 

During hot issue markets, IPO underpricing is considerably more 

pronounced than when IPO business is slow. 

Third, there is long-run underperformance 

An ongoing discussion about methodological issues in measuring long-run 

IPO performance notwithstanding, it is fair to say that there is solid 

evidence of IPOs underperforming the marketor a portfolio of 

comparable companies, for that matterin the long haul. 
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Overview on underpricing, volume, and long-run performance 

Underpricing is universal, although the extent of underpricing seems to vary 

across countries 

 

Source: Ibbotson, Roger G., and Jay R. Ritter (1995) "Initial Public 

Offerings," in: Robert A. Jarrow, Vojislav Maksimovic, and William T. 

Ziemba, ed., Finance, Handbooks in Operations Research and 

Management Science, Vol. 9, Ch. 30, Amsterdam: Elsevier, 993-1016. 
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A note of caution on the calculation of initial returns 

If initial returns are calculated simply by averaging across IPOs, 

disregarding size differences across IPOs, underpricing might be 

overestimated if small IPOs are more underpriced than large IPOs 

Ideally, one might want to calculate underpricing from a weighted 

average of long-run IPO returns. 
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Underpricing figures prominently when IPO activity is strongthat is, in hot 

issue markets 

 

Source: Ibbotson, Roger G., and Jay R. Ritter (1995) "Initial Public 

Offerings," in: Robert A. Jarrow, Vojislav Maksimovic, and William T. 

Ziemba, ed., Finance, Handbooks in Operations Research and 

Management Science, Vol. 9, Ch. 30, Amsterdam: Elsevier, 993-1016. 
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IPOs do not always underperform the market in the long haulyet, stocks 

IPO'ed during hot issue markets tend to perform miserably 

 

Source: Ritter and Welch (2002). 
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The period 1980-2001 

The number of IPOs per year varied between less than 100 and more 

than 400 

These IPOs raised $488 billion (in 2001 dollars) in gross 

proceedsan average $78 million per deal 

At the end of the first day of trading, the shares of these IPOs 

traded an average 18.8 percent above the price at which the 

company sold them 

For an investor, buying shares at the first-day closing price and 

holding them for three years, IPOs returned 22.6 percent 

Still, over three years, the average IPO underperformed 

seasoned companies with the same market capitalization and 

book-to-market ratio by 5.1 percentage points. 
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The 1980-2001 averages hide a great deal of year-by-year variation 

The 1980s saw modest IPO activity (volume of about $8 billion per 

year); in the 1990s, volume roughly doubled to $20 billion per year 

during the period 1990-1994, then doubled again from 1995 to 

1998 ($35 billion per year), before doubling again from 1999 to 

2000 ($65 billion per year); in 2000, volume fell to $34 billion 

Average first-day returns show a similar pattern, increasing from 

7.4 percent in the 1980s to 11.2 percent in the early 1990s, to 18.1 

percent in the mid-1990s, and to 65.0 percent in the period 

1999-2000the peak of the bubblebefore dropping to 14.0 

percent in 2001 

The long-run performance of IPOs also varies over time; three-year 

market-adjusted buy-and-hold returns are negative in each of the 

aforementioned subperiods (see table above) but not for every 

cohort year; style-adjusted buy-and-hold returns are not as reliably 

negative, with many cohorts and some subperiods having positive 

style-adjusted buy-and-hold returns. 
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Why do firms go public? 

In most cases, the primary answer is to raise equity capital for the company 

and to create a public market in which the founders and other shareholders 

(e.g., venture capitalists) can convert some of their equity into cash at a future 

date 

Absent cash considerations, most entrepreneurs would rather run their 

companies than concern themselves with the complex public market 

process. 

Then again, why is the motivation to do an IPO stronger in some time periods 

than in others? 

For instance, in 1969, there were 683 IPOs, more than in the period 1935 

through 1959 taken together. 
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Hypotheses of underpricing 

It is fair to say that there is no single dominant cause for underpricing 

It is not so much a matter of which model is right but a matter of the 

relative importance of different models 

Furthermore, one reason can be of more importance for some companies 

or at some times. 

Hypotheses of going public are difficult to test 

First, there is a problem of observational equivalencethe fact that a 

given outcome may be compatible with a variety of data generating 

processes 

For instance, identical prices at the pumpwhich implies simultaneous 

price hikesare compatible with perfect competition and with 

collusion. 

Second, we know of those companies only that go public but not of those 

would have gone public under different circumstances 

A study who interviewed death row inmates on the deterring effect of 

the death penalty concluded that capital punishment does not prevent 

capital crime 

The study ignored those who have possibly been deterred from 

committing a capital crime and, hence, are not on death row. 
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Life cycle hypotheses 

By going public, entrepreneurs help facilitate the acquisition of their 

company for a higher value than what they would get from an outright sale 

This is because it is easier for a potential acquirer to spot a target that 

is public rather than private 

Moreover, it is said that acquirers can pressure targets on pricing 

concessions more than they can pressure outside investors 

Then again, it has been found that entrepreneurs often regain control 

from the venture capitalist in venture-capital-backed companies at the 

IPO, indicating that the IPO was more an exit strategy to the venture 

capitalist than to the entrepreneur. 

Another hypothesis states that companies go public when the marginal 

benefit of doing so outweighs the marginal cost 

Pre-IPO investors (e.g., venture capitalists) are endowed with control 

rights but are undiversifiedthe lack of diversification causing a 

discount in firm valuation 

As the problem of non-verifiable cash flows eases with an increase in 

public information about the company, the advantage of having a 

concentrated shareholder structure lessens. 



F.A. Schmid – Behavioral Finance – November 25, 2002 – Chapter 13 – Page 15 of 56 

Market timing hypotheses 

If the stock market places too low a valuation on the firm, the 

entrepreneur, who (thinks he) knows the intrinsic value of the firm, will wait 

with the IPO till the market offers more favorable prices, making use of 

windows of opportunity 

The cynical version of this hypothesis is that in bull markets, people 

have an incentive of creating companies, of which they know are 

garbage, just to take them public. 

There is strong empirical evidence that entrepreneurs make use of 

windows of opportunity in the IPO market 

Then again, why don't investors recognize this or, in other words, how 

can hot issue markets with their dismal long-run IPO performance 

repeat themselves? 
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The changing composition of IPO issuers 

Aggregate numbers disguise the fact that the characteristics of companies 

going public have changed over the years 

It has been shown that the median age of companies going public was 

stable at around 7 years since 1980 till the period 1999-2000, when the 

median age dropped to 5 years before climbing to 12 years in 2001 

The table above shows that the percentage of technology stocks 

increased sharply in the late 1990s before dropping in 2001 

(Tech stocks are defined as Internet stocks, computer software and 

hardware, communications equipment, electronics, navigation 

equipment, measuring and controlling devices, medical instruments, 

telephone equipment, and communications services; biotechnology is 

not included.) 

 

Source: Ritter and Welch (2002). 

Remarkably, the number of non-tech stock IPOs remained at a level of 

about 100 per year before, during, and after the bubble (not shown) 

In other words, the fluctuation in the number of IPOs was entirely 

due to tech stocks. 
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The increase in the percentage of technology firms over time is 

mirrored in the number of firms with negative earnings in the 12 

months prior to going public 

Note that is was unusual for a prestigious investment bank in the 

1960s and 1970s to take a company public that did not have at 

least four years of positive earnings 

In the 1980s, four quarters of positive earnings was still standard 

whereas in the 1990s fewer and fewer companies met this 

thresholdstill, the investment bank's analysts would project 

profitability in the year after going public 

Then, during the period 1999-2000the peak of the bubble 

companies with no immediate prospect of becoming profitable 

became common 

For instance, public forecasts for eToys, which liquidated in 

2001, projected no profits for at least two yearsthe EPS 

(earnings per share) forecasts were -$0.27  for 1999 and 

-$0.55  for 2000. 

The table above shows that, over time, both the fraction of negative 

pre-IPO EPS companies and the degree of underpricing increased 

On the other hand, only in the period 1999-2000the peak of 

the bubblethere is a cross-sectional relation between the sign 

of the pre-IPO earnings and underpricing. 
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Hypotheses of short-run underpricing 

Hypotheses based on asymmetric information 

If the issuertypically, the entrepreneuris more informed than the 

investors, rational investors fear a lemon problem: 

Only issuers with worse than average quality are willing to sell their 

shares at the average price 

To distinguish themselves from the pool of low-quality issuers, 

high-quality issuers may attempt to signal their quality. 

In signaling models of IPO underpricing, better-quality issuers 

deliberately sell their shares at a lower price than the market believes 

they are worth, which deters lower quality issuers from imitatingin 

other words, companies voluntarily leave money on the table 

With some patienceso these models claimthese issuers can 

recoup their up-front sacrifice post-IPO, either in future issuing 

activity, favorable market responses to future dividend 

announcements, or analyst coverage 

Unfortunately, the empirical evidence on these signaling models is 

mixed, at best 

From personal experience I know that signaling works only if the 

other party is educated enough to understand the signaling 

modela proposition that, in my view, assumes far too much. 
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If the investors are more informed than the issuer, then the issuer faces a 

placement problem 

For instance, the issuer might not know the demand for its stock 

One way to model this problem is to assume that all investors are 

equally informed 

Then, only IPOs that are priced fair (that is, priced at intrinsic value) 

or are underpriced, will succeed 

Consequently, we would observe many underpriced and no 

overpriced IPOs 

Then again, there are some overpriced IPOs being observed 

in the real word, which may either due to (unbiased) errors in 

investors' expectations or due to the fact that not all 

investors are equally informed. 
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More realistic than equally informed investors is the assumption that 

investors differ in the degree of information they have 

In this case, pricing too high might induce investors and issuers to 

fear a winner's curse or a negative cascade 

In a winner's curse situation, investors fear that they will only 

receive full allocations if they happen to be among the most 

optimistic investorssomething they don't knowwhile when 

everyone desired the IPO, they get rationed 

Consequently, an investor would receive a full allocation of 

overpriced IPOs but only a partial allocation of underpriced 

IPOs 

Thus, the investor's average return, conditioned on 

receiving shares, would be below the unconditional 

return, which implies that IPOs have to be underpriced. 

An empirical study on IPOs in Singapore that uses 

information on rationing shows that an uninformed strategy 

just breaks even. 

In an informational cascade, investors attempt to judge the 

interest of other investors 

Investors only request shares if they believe that the offering 

is hot 

Thus, pricing just a little too high leaves the issuer with a 

probability of failurea situation where investors abstain 

because other investors abstain. 

In support of this hypothesis it has been found that IPOs 

tend to be either undersubscribed or hugely oversubscribed, 

only a few being mildly oversubsribed. 
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Bookbuilding theories 

The common practice of bookbuilding allows underwriters to 

obtain information from informed investors 

The road show helps underwriters to gauge demand as they 

record indications of interest from potential investors 

If there is strong demand, the underwriter will notch up 

the offer price 

But if potential investors know that showing a high 

willingness to pay will result in a higher offer price, 

these investors must be offered something in return to 

give them an incentive to truthfully reveal their 

preferences. 

Studies have found that underwriters do not fully adjust the offer 

price upward when demand is strong 

Thus, when underwriters revise the share price upward from 

their original estimate in the preliminary prospectus, 

underpricing tends to be higher. 



F.A. Schmid – Behavioral Finance – November 25, 2002 – Chapter 13 – Page 22 of 56 

Hypotheses based on symmetric information 

It has been argued that issuers underprice to insulate them against law 

suits of disgruntled shareholders should the IPO'ed company perform 

badly 

Clearly, all else equal, the lower the offer price, the higher the 

possibly negativelong-run IPO return 

The most convincing evidence against this hypothesis is that 

underpricing is observed in countries in which the legal system does 

not allow for U.S. style litigation. 

Another hypothesis states that investment banks are leaning against the 

wind of excessive investor optimism 

The argument is unconvincing because investment banks engaged in 

a series of activities that encouraged overvaluations, among them 

issuing "buy" and "strong buy" recommendations at the end of the 

25-calendar-day post-IPO quiet period even when market prices had 

risen far above the offer price 

For instance, Credit Suisse First Boston (CSFB) took Corvis public 

on July 28, 2000, at an offer price of $36.00.  At the closing price of 

$84.719 on the first day of trading, the first-day return was 135 

percent.  When the quiet period ended, the five co-managing 

underwriters all put out "buy" recommendations, and CSFB initiated 

coverage with a "strong buy," even though the price had climbed to 

$90.  At $90 per share, Corvis had a market capitalization of $30 

billion, despite never having had any revenue.  On Friday 

November 1, 2002, Corvis traded at $0.690 per share at close; 

there are no stock splits on record. 

During the period 1996-2000, 87 percent of analyst initiations at the 

end of the quiet period were "buys" or "strong buys." 
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Hypotheses focusing on the allocation of shares 

Government authorities, such as the SEC or the office of the 

attorney-general of New York, have unearthed cases of conflicts of 

interest between underwriters and issuers 

It has been found that if underwriters are given discretion in share 

allocations, the discretion will not automatically be used in the best 

interest of the issuer 

Indeed, there is evidence of investment banks using underpriced 

share allocations to enrich executives of companies "friends and 

family"with the hope of being awarded investment banking 

business in returna practice known as "spinning" and rampant 

during the period 1996-2000 

Note than when executives of companies are allocated shares 

in hot IPOs, the gains from flipping the shares [that is, selling 

them at the first day of trading] go to the executives whereas the 

commissions of the investment banking business are paid for by 

the public shareholder 

Once an entrepreneur belong to the bank's "friends and family" 

and has been enriched through deliberate underpricing of other 

entrepreneurs' IPOs, the cost of having one's own IPO 

underpriced may deem tolerable the entrepreneur. 
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One of the investment banks currently under investigation for spinning 

is Goldman Sachsinnocent until proven guilty 

 

 

 

Source: Financial Times, October 4, 2002. 
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The immediate post-IPO period 

The post-IPO shareholder structure 

There evidence that, where bookbuilding is used, institutions receive 

preferential share allocationsor, in other words, institutions are not 

rationed as much as retail investors 

Institutions are different from retail clients in that they are more likely to 

be better informeda characteristic that is of import in the 

bookbuilding process 

There is empirical evidence that clienteles are rather temporary, 

suggesting that post-IPO corporate control considerations may not 

be of primary importance in blockbuilding. 

In the United States, blockholdersthat is, firm outsiders who hold a big 

chunk of equityare common prior to the IPO in the form of venture 

capitalists or leveraged buyout financiers 

The venture capitalists typically distribute shares to their limited 

partners as soon as the post-IPO lockup period ends 

Furthermore, the general partners typically also relinquish control via 

open market sales, rather than selling a strategic block 

This supports the aforementioned hypothesis that states that 

post-IPO corporate control considerations are not be of primary 

importance in blockbuilding. 

The change in shareholder structure from the pre-IPO to the post-IPO 

period supports the view that IPOs aim at atomistic investors whereas 

private placements aim at blockholders. 
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In an empirical study it has been found that when shares are placed more 

widely than with just a few powerful large shareholders, the entrepreneur 

is less easily to oust from the company 

The same study also finds that management continues to hold on to 

shares more than other investors, presumably trying to retain control 

over the companyan indication of private control benefits. 
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Trading in the secondary marketthat is, post-IPO trading 

Once trading commences and the stock price sags, the lead underwriter 

might attempt to "stabilize" the price by purchasing shares or discouraging 

selling 

Price stabilization is the only instance in which the SEC permits active 

attempts at stock price manipulation. 

Flippers are temporary investors who purchase shares at the IPO and 

quickly turn it around to sell their shares 

The new conflict-of-interest theories of underpricing argue that 

underwriters sometimes allocate shares specifically to investors so that 

these investors can make a quick profit 

Furthermore, underwriters desire high aftermarket trading volume 

because they usually are the prime market makers in the stock 

On the other hand, when the investment banks fear that the stock 

might get under pressure in the aftermarket, investment banks 

discourage flipping through moral suasionfor instance, the threat of 

withholding future allocations on hot issuesand the imposition of 

penalty bids 

In penalty bids, the lead underwriter takes back the selling 

concessionthe concessionfrom a broker that has allocated 

shares that are flipped, encouraging the broker to allocate shares 

on buy-and-hold investors. 
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The empirical evidence on the effect of the IPO performance in the secondary 

marketthat is, the long-run performance and the extent of short-run 

underpricingon the choice of the lead underwriter is mixed at best 

Based on interviews of firms that switched underwriters for a follow-on 

offering after their IPO, it has been shown that the amount of money left 

on the tablethat is, the degree of underpricinghas not been an 

important factor in the decision to switch 

Instead, underwriter prestigeclearly a catch-all termand the desire 

to increase analyst coverage for the stock are the two most important 

determinants of switching. 

Underwriters are prohibited from initiating analyst coverage for 25 calendar 

days after the IPOthe "quiet period" 

Usually, the managing underwritersthat is, lead and co-managers 

initiate research coverage at the end of the quiet period, usually with a 

"buy" or "strong buy" 

There is empirical evidence that the investment bank's analysts 

regularly provide "booster shots" in the form of buy recommendations, 

which are greeted with a positive stock market reaction although these 

IPOs subsequently underperform 

There is empirical evidence that for the period 1996-2000 that 

where analyst recommendations occur after the quiet period, the 

market-adjusted return is an average four percentthe 

market-adjusted return for the remaining IPOs is close to zero 

The positive average effect of three percent is difficult to 

reconcile with market efficiency because the fact that positive 

recommendations are forthcoming at the end of the quiet period 

is not a surprise. 
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For shares not sold in the offering, pre-issue shareholders commit to a 

specified lockup period during which they agree not to sell shares without the 

written permission of the lead underwriter 

Although there is no statutory minimum, most lockup periods are 180 

calendar days in length and almost none is less than 90 days long 

There is empirical evidence that the investment bank's analysts 

regularly provide booster shots in the form of buy recommendations, 

which are greeted with a positive stock market reaction although these 

IPOs subsequently underperform 

It has been documented that the lead underwriter is typically the dominant 

market maker for Nadsaq-listed IPOs 

The underwriter knows with whom shares are placed and thus has a 

comparative advantage of contacting investors if there is an order 

imbalance 

There is empirical evidence that market making is a profitable activity 

for the lead underwriter, with the profits during the first three months of 

trading amounting to about two percent of the issue size 

Also, it has been documented that market-making activity in 

Nasdaq-listed IPOs continues to be concentrated long after the offering 

For smaller IPOs, the lead underwriter's market share declines from 

almost 100 percent at the inception of trading to less than 50 

percent on average about half a year after the offering. 
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Valuation 

A question raised by the difference between the offer price and the first-day 

market price is whether issuers or the stock market is pricing offerings in line 

with a company's fundamental 

The most common method of valuing IPOs is the use of multiples of 

comparable, traded companiesthe comparable-companies approach 

In an empirical study that uses a measure of intrinsic value based on 

industry-matched sales-to-price and price-to-ebidtda data for a sample 

of over 2,000 IPOs from the period 1980-1997, it has been shown that 

IPOs are priced about 50 percent above "comps" (comparable 

companies) 

Not surprisingly, the study finds that the initial overpricing with 

respect to "comparables" helps predict long-run underperformance. 
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The Ritter (1991) study on long-run performance of initial public offerings 

Reasons why long-run performance of initial public offerings is of interest 

Long-run underperformance of IPOs offers opportunities for risk-arbitrage 

(long-short hedge funds) 

Long-run underperformance of IPOs questions the informational efficiency 

of the IPO market 

Evidence of underperformance might lend to support to Robert J. 

Shiller's (1990, "Speculative Prices and Popular Models," Journal of 

Economic Perspectives 4(2), 55-65) hypothesis that equity markets in 

general and IPO markets in particular are subject to fads. 

If high-volume periods are associated with poor long-run performance, this 

would indicate that issuers succeed in taking advantage of 'windows of 

opportunity'. 

Data and Methodology 

The sample consists of 1,526 initial public offerings in 1975-1984 that 

meet the following criteria: 

The offer price amounts to $1.00 per share or more 

The gross proceeds from the IPO equal $1,000,000 or more, 

measured in 1984 dollars 

The offering involved common stock only 

The company is listed on the CRSP daily Amex-NYSE or NASDAQ 

tapes within 6 months of the offer date 

The company was taken public by an investment bank. 

The sample represents 85.1 percent of the aggregate gross proceeds of 

all companies that went public in 1975-84 
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Table 1 shows that the number and proceeds of IPOs are not evenly 

distributed 

 

Source: Ritter (1993, p. 463). 

Only 143 of the 1,526 offers occurred during the first half of the period 

Fifty-seven percent of the aggregate gross proceeds in the sample 

were raised in 1983 alone. 
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The author uses two measures to gauge the long-run performance of 

initial public offerings 

First, cumulative average benchmark-adjusted returns (CAR) 

The adjusted return is the difference between the raw return and 

the return of a benchmark stock price index; four different 

benchmark indexes are used. 

Second, three-year buy-and-hold returns (also called 'total returns') for 

both the IPOs and a set of matching firms 

The matching firms are represented by American and New York 

Stock Exchange listed securities that are—to the extent feasible—

matched by industry and market capitalization with each IPO. 

Neither performance measure is explicitly adjusted for beta (systematic 

risk) 

The authors report that … 

… the average beta of the IPO companies is greater than unity 

… the betas of IPO companies, on average, decline over time 

following the IPO. 

The betas of the matching firm are also greater than 1.00, but 

generally somewhat lower than the betas of the IPO firms 

To the extent that the IPO firms have, on average, somewhat 

higher betas than the matching firms, the study—by ignoring 

differences in the market risk premium—might underestimate 

the degree of long-run underperformance of IPOs: In other 

words, the results are conservative estimates for IPO 

underperformance. 



F.A. Schmid – Behavioral Finance – November 25, 2002 – Chapter 13 – Page 34 of 56 

Return intervals 

There is the initial return period (usually one day), defined as the 

offering date to the first closing price listed on the CRSP daily return 

tapes 

There is the aftermarket period, defined as the three years after IPO 

exclusive of the initial return period. 

The initial return period is defined to be month 0, and the aftermarket 

period includes the following 36 months where months are defined as 

successive 21-trading-day periods relative to the IPO date 

For IPOs that are delisted before their 3-year anniversary, the 

aftermarket period is truncated. 

For the adjusted returns, the author uses four different benchmarks 

CRSP value-weighted NASDAQ index 

CRSP value-weighted Amex-NYSE index 

Listed firms matched by industry and size 

Index of the smallest size decile of the New York Stock Exchange. 

Calculation of benchmark-adjusted returns 

The benchmark-adjusted return for stock i  in month t , r i t,  is defined as 

ar r ri t i t m t, , ,   

where rm t,  is the return of the benchmark portfolio, m  (market). 

The average benchmark-adjusted return on a portfolio of n  stocks for 

event month t  is the (equally-weighted) arithmetic mean of the n  

benchmark-adjusted returns: 

AR
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The cumulative benchmark-adjusted return, CAR, from event month q  

to event month s  is the sum of the average benchmark-adjusted 

returns: 

CAR ARq s t

t q

s

, 



  

When a company in portfolio p  is delisted from the CRSP data, the 

portfolio return for the next month is an (equally-weighted) average 

of the remaining companies in the portfolio, which implies monthly 

rebalancing. 

Calculation of three-year holding period returns 

The three-year holding period return is the return from a buy-and-hold 

strategy where a stock is purchased at the first closing market price 

after going public and held until the earlier of its three-year anniversary 

or its delisting in month k 1: 

R ri
t

t k

i t 



1

=min{36; }

(1 ),  

where r i t,  is the raw return on stock i  in event month t  

For ease of interpretation, the author calculates wealth relatives as a 

performance measure, defined as 

WR 




1 average 3 - year total return on IPOs

1 average 3 - year total return on matching firms
 

A wealth relative of greater than unity is indicative of IPOs 

outperforming a portfolio of matching companies; a wealth relative 

of less than unity indicates that IPOs underperformed. 
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Empirical findings 

Abnormal returns for initial public offerings in 1975-1984 

Table 2 reports the average matching firm-adjusted returns, AR t  and 

cumulative average matching firm-adjusted returns, CAR1,t , for each 

of the 36 months after the offering date, excluding the initial return 

(which, usually, is the return on the first day of trading) 

Thirty-one of the 36 monthly average adjusted returns are negative; 

about a third of them is statistically significant 

After a slight increase in the first two months of seasoning, the 

cumulative average adjusted return declines steadily to 

-29.13 percent (t-statistic: -5.89) by the end of month 36 
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Source: Ritter (1993, p. 467-68). 
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Figure 1 plots the matching firm-adjusted CAR shown in Table 1 (long 

dashes), the initial return included 

There is an abnormal return of 14.32 percent on the first trading day 

After about 18 months, the cumulative return turns negative 

After 36 months, the IPO has underpeformed the matched-firms 

portfolio by roughly 15 percentage points. 

Figure 1 also plots the CAR adjusted by benchmarks other than the 

matched sample 

Because many of the IPOs are small caps, a small cap benchmark 

portfolio might be appropriate 

Using an equally-weighted index of small stock returns, as 

represented by the lowest decile of market capitalization stocks 

trading on the NYSE, the months 1-36 cumulative average 

small-cap adjusted return equals -42.21%  

 

Source: Ritter (1993, p. 469). 
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Table 3 reports the distribution of three-year buy-and-hold period returns 

for both the 1,526 IPOs and the matching firms 

The median IPO three-year return equals -16.67%, in contrast with 

38.54% for the median matching firms 

The mean IPO three-year return equals 34.47%, compared to a mean 

of 61.86% for the matching firms 

The distribution of holding period returns for IPOs is more skewed 

than those for the matching firms 

 

Source: Ritter (1993, p. 472). 
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Table 4 displays a breakdown of initial returns and three-year 

buy-and-hold returns by gross proceeds 

All gross proceeds categories display long-run underperformance 

Small offers have the highest average matching-firm adjusted initial 

returns and the worst aftermarket performance 

This result is reminiscent of the finding of N. Chopra, J. Lakonishok 

and J.R. Ritter (1992; "Measuring Abnormal Performance: Do 

Stocks Overreact?" Journal of Financial Economics 31, 235-268) 

that states that overreaction is particularly strong among small 

firms, which are predominantly owned by individuals 

Note that these small firms do not fully exploit the market's 

over-optimism, as to avoid lawsuits. 
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Table 4 also reports median initial and aftermarket returns 

For the initial returns, the median is a positive 4.61 percent, with only 

368 of the 1,526 offers (22.2 percent) having negative adjusted initial 

returns 

 

Source: Ritter (1993, p. 473). 
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Table 6 shows that IPOs—in a given period—tend to be concentrated in 

certain industries 

In the period 1975-84, there is concentration of IPOs in the financial 

services and the airline industries due to deregulation 

Most financial institutions that went public were mutual savings 

banks and mutual savings and loan associations that converted to 

stock corporations in 1983-84 in response to a 1982 regulatory 

change; their median age at the time of the IPO is 49 years. 

There is also a concentration in the oil and gas industry and in the 

computer and communications industries 

The median age of companies that went public in the oil and gas 

industry and the computer and communications industries varies 

between two years (oil and gas) and seven years (communications 

and electronic equipment) 
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Source: Ritter (1993, p. 476-77). 
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Table 7 breaks down aftermarket performance by industry 

Matching-firm adjusted long-run performance of IPOs (the wealth 

relative) varies widely across industries and is present in all but three 

of the fourteen industries 

Financial institutions, which have a median age of 49 years at the 

time of going public (Table 6), have the highest wealth relative; the 

wealth relative is greater than one 

IPOs in the oil and gas industry, which have a median age of only 

two years at the time of going public (Table 6), substantially 

underperformed their peers, exhibiting the lowest wealth relative. 

 

Source: Ritter (1993, p. 478). 
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In Table 8, IPOs are categorized by their year of issuance 

 

Source: Ritter (1993, p. 481). 

The results show that the long-run underperformance is not as general 

a phenomenon as the short-run underpricing that has been widely 

documented 

The wealth relatives are less than one for only five of the ten 

sample years 

Because the volume of new issues was much heavier in the 

early 1980s than in the late 1970s, with all issues weighted 

equally, the mean wealth relative is a mere 0.831. 



F.A. Schmid – Behavioral Finance – November 25, 2002 – Chapter 13 – Page 46 of 56 

Also, there is a negative relation between annual volume and 

subsequent aftermarket performance 

This finding lends support to the hypothesis that companies choose 

to go public when investors are willing to pay high 'multiples' 

(price-earnings or market-to-book ratios), reflecting optimistic 

expectations about earnings growth 

The poor subsequent aftermarket performance then is the result 

of a rough awakening to disappointing cash flows. 
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Table 9 offers a breakdown of aftermarket performance by age of the 

company at the time of going public 

The age of the firm is calculated as the year of the offer minus the year 

of founding 

There is a monotone, negative relation between age and initial return 

This finding is consistent with the notion that risky issues require 

higher initial returns and that (high) age is a proxy for (low) risk. 

There is a monotone, negative relation between age and aftermarket 

performance (wealth relative) 

This finding is consistent with the notion that investors are 

overoptimistic about the earnings prospects of young 'growth firms'. 

In Panel B, Table 9, the author excludes oil and gas firms and financial 

institutions 

Remember that the oil and gas firms are, simultaneously, in the 

extreme tails of initial returns (Table 7), aftermarket performance 

(ditto) and age (Table 6). 

Panel B shows that the results from Panel A hold up even when the 

financial services and oil and gas industries are left out. 
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Source: Ritter (1993, p. 481). 
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Table 10 shows the results of a regression analysis 

In multivariate regressions, it is possible to disentangle multiple, 

simultaneous influences 

The author regresses the (unadjusted) three-year buy-and-hold return 

on … 

… the initial return (IR) 

… the log of 'age plus one year' (Log(1+age)) 

… the return on the CRSP value-weighted Amex-NYSE market 

index (Market) 

… the volume of IPOs in the calendar year of issuance (Vol) 

… 0/1 ('dummy') variables for the oil and gas and financial services 

industries (Oil and Bank, respectively). 

The regression coefficients have the expected signs 

With the exception of the initial return, all the coefficients are 

statistically significant at the conventional levels 

The author might have wanted to leave out the initial return variable 

(IR) because the initial return might be explained by the same 

variables that explain the dependent variable of this regression 

(which is the long-run performance) 

The insignificance of IR might be due to misspecification 

(multicollinearity). 

The regression coefficient for the IPO volume of -0.109 , for instance, 

indicates that the difference in 3-year total returns for a firm going 

public in a low volume year as 1976 (33 offerings) rather than in a high 

volume year such as 1983 (865 offerings) is 90.7 percentage points 

((865 33) 0.109 90.7)   ). 
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Source: Ritter (1993, p. 483). 
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Summary 

The average holding period return of a sample of 1,526 IPOs of common 

stock in 1975-1984 is 34.47 percent in the three years after going public, 

where the holding period return is measured from the closing price on the 

first day of trading to the market price on the 3-year anniversary 

A control sample of 1,526 listed stocks, matched by industry and 

market value, generates an average total return of 61.86 percent over 

this same 3-year holding period 

A strategy of investing in IPOs at the end of the first day of public 

trading and holding them for three years would have left the 

investor with only 83 cents relative to each dollar from investing in a 

group of matching firms listed on the American and New York Stock 

Exchanges 

Young companies and companies going public in heavy-volume 

years showed particularly poor long-run performance. 

Combined with evidence on high initial returns of IPOs (on the first day of 

trading), the evidence on long-run underperformance indicates that the 

offering price is not too low; rather, the closing price on the first day of 

trading is too high 

Fads—i.e., periods of over-optimism—are a possible explanation of the 

observed short-run and long-run returns patterns 

The concentration in volume in certain years and industries 

indicates that companies take advantage of 'windows of 

opportunity' by going public near the peak of industry-specific fads. 
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Criticism 

Methodological issues have been raised about how to properly measure 

benchmark-adjusted returns when the returns of IPOs overlap in calendar 

timeas is the case in the approach chosen in the table below 

Overlap in calendar time is associated with positive cross-sectional 

dependence because of unpriced industry factors in returns, which is to 

say that the observations are not statistically independent 

A way out would be to estimate an asset pricing model in calendar time, 

such as the Fama-French three-factor modelthe factors are the CAPM 

beta, market capitalization, and market-to-book valueaugmented by a 

fourth factoran IPO indicator variable 

The problem inherent in the Fama-French model is the assumption of 

efficient markets or, in other words, any factor that generates abnormal 

returns isby assumptiona risk factor 

Then again, if there is indeed a behavioral component in the 

long-run performance of IPOs, the Fama-French model would not 

discover it. 
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Sources of long-run underperformance 

Short-selling constraints, along with heterogeneous beliefs among investors 

about the value of the company might be one reason why IPOs underperform 

over the long haul 

The most optimistic buyers buy the IPO 

Over time, as the variance of opinion decreases, the marginal 

investor's valuation will converge toward the mean valuation, and the 

share price will shall 

This hypothesis is consistent with the drop in share price at the end of the 

lockup perioda phenomenon documented in several empirical studies. 

Another explanation is that successful IPOs lead to more IPOs 

Thus, the last large group of IPOs would underperform and be a relatively 

large fraction of the sample 

Clearly, this hypothesis does not suffice in explaining long-run 

underperformance because underperformance is not restricted to just the 

last cohortor couple of last cohortsof a given host-issue market. 
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Casual evidence 

Stock market (over-)valuation and IPO volume 

 

Source: Financial Times, October 29, 2001. 
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Long-term IPO performance of the U.S. top 10 performers ranked by initial 

returns (first-day gains), 1998 through early 2000 

 

Source: http://money.cnn.com, posted August 25, 2001. 
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Empirical Studies 

14. Stock Market Underreaction (Drift) 

Reference: 

Bernard, Victor L., and Jacob K. Thomas (1989) “Post-Earnings-Announcement 

Drift: Delayed Price Response or Risk Premium?” Journal of Accounting 

Research 27, Supplement, 1-36. 

Note: All figures and tables in this chapter are from Bernard and Thomas (1989) 

Ball and Brown (1968, “An Empirical Evaluation of Accounting Income Numbers,” 

Journal of Accounting Research, Autumn, 159-78) were the first to note that even 

after earnings are announced, estimated cumulative abnormal returns continue 

to drift up for “good news” companies and down for “bad news” companies 

Note that U.S. corporations announce earnings quarterly (in the first week of 

the next quarter), but also issue earnings warnings, typically in the last weeks 

of the current quarter 

Remember that abnormal returns are returns above and beyond the excess 

(i.e., risk-adjusted) return 

Unfortunately, in many studies abnormal returns are measured as returns 

in excess of the market return, which holds the implicit assumption that the 

stock (or portfolio) in question has a unit CAPM beta 

If abnormal return is measured as excess return, abnormal return is 

underestimated for stocks (or portfolios) with CAPM betas less than unity, 

and overestimated for CAPM betas greater than unity. 
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The findings by Ball and Brown (1968) have been confirmed in many studies, 

among them Foster, Olsen, Shevlin (1984, “Earnings Releases, Anomalies, and 

the Behavior of Security Returns,” Accounting Review, October, 574-603) 

Foster, Olsen, and Shevlin (1984) estimate that over the 60 trading days 

subsequent to earnings announcements, a long position in stocks with 

unexpected earnings in the highest decile, combined with a short position in 

stocks in the lowest decile, yields an annualized return of about 25 percent 

before transactions costs 

Competing explanations for post-earnings announcement drift fall into two 

categories 

First, at least a portion of the price response to new information is 

delayed 

Investors might not update beliefs fully to new information 

Transactions costs might prevent investors from incorporating new 

information into securities prices immediately. 
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Second, the capital-asset pricing model (CAPM), which serves as a 

benchmark for determining abnormal returns, might be misspecified in 

that certain risk factors are not accounted for 

As a result, the so-called abnormal return is nothing more than fair 

compensation for bearing risk that is priced in the market but not 

captured by the CAPM 

(Remember the multi-factor models from the chapter 

“Predictability of Stock Returns,” and the findings of Eugene F. 

Fama and Kenneth R. French (1992, “The cross-section of 

expected stock returns,” Journal of Finance 47, 427-66) that firm 

size and price-to-book ratio explain cross-sectional differences 

in expected excess returns.) 

In the case of post-earnings-announcement drift, this explanation 

requires that companies with higher than expected earnings 

become more risky or companies with lower than expected 

earnings become less risky (or both)on some unrecognized 

dimension. 
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The study by Bernard and Thomas (1989), henceforth “the authors” 

The study suggests that post-earnings-announcement drift … 

… is difficult to reconcile with plausible explanations of changes in firm risk 

… is consistent with a delayed response of prices to information 

The delayed response can only partially be explained by transaction 

costs, which suggests that it is due at least in part to incomplete 

updating of beliefs about future earnings. 

Sample selection 

The authors’ sample includes 84,792 firm-quarters of data for NYSE (New 

York Stock Exchange) / AMEX (American Stock Exchange) stocks for 

1974-86 

To be included in the sample, stocks have to be listed on the CRSP files 

and the company’s earnings before extraordinary items and discontinued 

operations have to be available for at least ten consecutive quarters on 

Compustat 

The NYSE/AMEX sample includes only companies that appeared on 

any of the Compustat files released from 1982 through 1987 

Since companies included in earlier files, but dropped from 

Compustat before 1982, are excluded from the sample, there is 

potential for a survivorship bias in the sample years 1974-81 

One the other hand, the authors point out that their conclusions are 

insensitive to whether they include or exclude “nonsurvivors” 

dropped from the Compustat files between 1982 and 1987 

Note that this argument of the authors’ has some currency 

because nonsurvivors are likely to be companies with negative 

earnings surprises and consequently included in the short 

(rather than the long) position of the authors’ portfolio. 
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Estimation of abnormal returns 

The abnormal return of company j  on day t , AR jt , is defined as 

AR R Rjt jt pt   

where R jt  is the raw return for company j  on trading day t  

 R pt  is the equally weighted mean return for trading day t  on 

the NYSE/AMEX firm size decile that company j  belongs to at the 

beginning of the calendar year in question; firm size is measured by 

the market value of common stock. 

Observations are excluded from the analysis if the return for the 

earnings announcement day was missing on CRSP or if the CRSP 

returns series do not encompass the 160 trading days surrounding the 

earnings announcement 

Note that the abnormal return as defined by the authors is in fact 

nothing other than an excess return 

The authors’ definition of abnormal return does not control for 

differences in systematic risk across stocks, as captured by the 

CAPM beta 

In other words, if companies with positive earnings surprises exhibit 

systematically different systematic risk than companies with 

negative earnings surprises, the calculated returns on self-financing 

long-short portfolios might be biased. 

The authors use size deciles to eliminate the small firm effect on 

expected return (see the chapter “Predictability of Stock Returns”) 



F.A. Schmid – Behavioral Finance – January 7, 2002 – Chapter 14 – Page 6 of 26 

Estimation of standardized unexpected earnings (SUE) 

To identify earnings surprises, the authors follow a procedure suggested 

by Foster, Olsen, and Shevlin (1984) who measure surprises relative to 

earnings forecasts derived from historical data 

SUE’s are then calculated by normalizing the difference between forecast 

and actual earnings by the standard deviation of forecast errors over the 

estimation period 

The earnings forecasting model assumes that earnings follow a first-order 

autoregressive process in seasonal differences 

In other words, the authors assume that there is positive first-order 

serial correlation in changes in earnings, where changes in earnings 

are measured as differences to the same quarter a year ago. 
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Returns on self-financing long-short portfolios 

To gauge market efficiency, the authors calculate cumulative abnormal 

returns (CAR’s) on two kinds of self-financing long-short portfolios over 

windows of 60 trading days 

FOS control portfolio SUE strategy 

Following Foster, Olsen, and Shevlin [FOS] (1984), the authors 

calculate CAR’s for a portfolio that goes long on the highest SUE 

decile and short on the lowest SUE decile 

The returns on the long (or short) positions are differences to 

size-control portfolios, as defined above 

The authors calculate CAR’s for these positions by adding up 

daily returns (rather than compounding them) 

Adding up returns implicitly assumes daily portfolio rebalancing. 

Continuously balanced SUE strategy 

Given that daily portfolio rebalancing can hardly be a profitable 

investment strategy, the authors also provide buy-and-hold (i.e., 

compounded) CAR’s on a portfolio that goes long on companies 

with positive unexpected earnings announcements and matches 

each of these “good news” companies individuallydollar for 

dollarwith (one or more) “bad news companies” of the same 

size category (of which there are three) 

For cases in which no “bad news” companies become available 

on a day in which a “good news” company needs a match, the 

authors start the 60-trading-day clock on the day the next “bad 

news” observation (from the same size category) becomes 

available. 
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Empirical results 

The empirical results provided by the authors confirm the findings of 

Foster, Olsen, and Shevlin (1984) who show that (i) there is 

post-earnings-announcement drift in stock prices, (ii) the magnitude of 

post-earnings-announcement drift varies negatively with firm size, and (iii) 

there is persistence (longevity) in post-earnings-announcement drift 

The figure below (authors’ Figure 2) presents CAR plots, where 

companies are assigned to (ten) portfolios on the basis of SUE’s in the 

60-trading-day window prior to the announcement 
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Note that the immediate price response to the earnings announcement is 

captured by the left panel (day -1 to day 0) 

The run-up in the stock price from day -60 to day -1 is either due to insider 

trading, or more likely, due to post-earnings announcement drift from the 

earnings surprise in the previous quarter (remember that the deciles are 

formed based on SUE’s in that same period); also, remember the serial 

correlation in earnings surprises 

The “FOS control portfolio SUE strategy” (long on the highest SUE decile 

and short on the lowest SUE decile) yields an estimated return of 

approximately 4.2 percent over the 60 days subsequent to the earnings 

announcement, or about 18 percent annualized 

Similarly, the “continuously balanced SUE strategy” yields an 

annualized return of 17 percent. 
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The following two figures (authors’ Figures 3 and 4) indicate how the drift 

varies by firm size 

As noted by Foster, Olsen, and Shevlin (1984), the post-announcement 

drift is larger for smaller companies 

Among small companies (Figure 3), the “FOS control portfolio SUE 

strategy” yields a return of approximately 5.3 percent over the 60 trading 

days subsequent to the earnings announcement 

Returns for medium-sized companies (not shown) and large 

companies (Figure 4) are 4.5 and 2.8 percent, respectively 

Results based on the “continuously balanced SUE strategy” for small, 

medium, and large companies amount to 5.1, 4.3, and 2.8 percent, 

respectively 

In a statistical test (not reported), the authors show that the inverse 

relation between firm size and post-earnings- announcement drift is 

statistically significant 
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The following table (authors’ Table 1) provides information about the longevity 

of the post-announcement drift for stocks ranked in the lowest and highest 

SUE decile, broken down by size and by sub-periods extending two years 

beyond the earnings announcement 

Most of the drift occurs during the first 60 days subsequent to the earnings 

announcement, and there is little evidence of statistically significant drift 

beyond 180 trading days 
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The percentage of the 60-day drift that occurs within 5 days amounts to 

13, 18, and 20 percent for small, medium and large companies, 

respectively (not shown) 

Essentially, all the drift occurs within nine months for small companies and 

within six months for large companies 

Remember that when markets are efficient in the sense that the earnings 

information becomes fully priced as soon as it is public knowledge, the 

expected return on the long-short portfolio is nil 

Judged by the less strict “there is no money on the table” efficiency 

concept, the expected return on the long-short portfolio after 

transaction costs should not exceed the risk-free rate of return if 

implemented as a real-world investment strategy 
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Tests of risk premium as explanation for post-announcement drift 

The authors present results of tests designed to assess the plausibility 

that the return earned from post-announcement drift is compensation for 

risk 

Note that if CAPM betas for long and short positions are equal during the 

post-announcement period, the “continuously balanced SUE strategy” 

portfolios have a beta equal to zero, i.e., the portfolios are market-neutral 

The reported returns of 5.1, 4.3, and 2.8 percent for small, 

medium-sized, and large companies, respectively, on the “continuously 

balanced SUE strategy” portfolios thus are abnormal returns to the 

degree that they exceed the return on a risk-free asset (i.e., the 

risk-free rate of return). 

First, the authors examine whether betas shift around the time of earnings 

announcements andmost importantlywhether such shifts are 

asymmetric between positive SUE (good news) and negative SUE (bad 

news) companies 

The authors estimate CAPM betas for each SUE decile for pre- and 

post-announcement time windows and try to assess differences in 

these betas 

For each of several 60-day windows surrounding the earnings 

announcement, the authors compounded total returns on individual 

stocks, R jt , treasury bills, R ft , and the value-weighted CRSP index, 

R mt  

These three data points constitute a single observation for a 

regression based on the Sharpe-Lintner CAPM: 

     ( )jt ft mt ft jtR R a b R R e  

Parameter a  is called Jensen’s alpha. 
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The regression equation was estimated by pooling all observations 

for a given SUE decile within six 60-trading-day windows 

surrounding the earnings announcement date 

This approach permits the betas to shift from one window to the 

next and to vary across SUE categories. 

The following table (authors’ Table 2) shows the estimated CAPM 

betas for the different windows and SUE deciles 

Note that the authors did not test for the statistical significance 

of the differences in betas across windows, which means that 

the measured differences in betas across windows contain next 

to no information! 

 



F.A. Schmid – Behavioral Finance – January 7, 2002 – Chapter 14 – Page 16 of 26 

The relation between SUE decile and CAPM beta is positive 

and statistically significant for 60- and 120-trading-day windows 

around the announcement; in particular, “good news” stocks 

tend to have more systematic risk than “bad news” stocks 

during the post-announcement period 

Remember from above that the “FOS control portfolio SUE 

strategy” yields an estimated return of approximately 4.2 

percent over the 60 trading days subsequent to the earnings 

announcement, or about 18 percent on an annualized basis 

Similar to this result, the authors report a difference in excess 

return, R Rjt ft , between highest-SUE (SUE 10) and 

lowest-SUE (SUE 1) companies of 4.3 percent over the 60 

trading days subsequent to the earnings announcement 

On the other hand, the corresponding mean excess return of 

the market, R Rmt ft , runs at only 1.65 percent 

Thus, if the betas are to explain post-earnings 

announcement drift, the difference between betas for the 

SUE 10 and SUE 1 stocks would have to equal 2.6 (4.3 

percent divided by 1.65 percent) 

In fact, the difference in betas is only 0.21 

The failure of the CAPM beta to fully explain the magnitude 

of the drift is confirmed by the statistical (and economic 

significance) of Jensen’s alpha as shown in the table 

Jensen’s alpha measures the vertical distance between 

the location of the stock on the ( )R j ,  coordinates and 

the securities market line 
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Thus, Jensen’s alpha is a measure for abnormal return, 

i.e., return above and beyond what is warranted by the 

systematic risk incorporated in stock j  

For the “FOS control portfolio SUE strategy” the authors 

estimate a (statistically significant) abnormal return (i.e., 

difference in Jensen’s alphas) of 4.6 percent (or 18 

percent annualized). 
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Second, in the authors’ effort to determine whether post-earnings 

announcement drift is nothing other than a risk premium (rather than 

an abnormal return), the authors estimate Stephen Ross’ APT model 

Whereas the CAPM begins with an analysis of how investors construct 

efficient portfolios, Ross’ arbitrage pricing theory (a somewhat 

misleading term) does not ask which portfolios are efficient 

Rather, the APT approach simply assumes that each stock’s return 

depends partly on pervasive macroeconomic influences (or “factors”) 

and “noise”influences that are unique to that company 

Some of the factors might be risk factors, while others might help 

hedge risk (and thus have a negative influence on the asset’s 

expected return). 

The following table (authors’ Table 3) presents results of an APT 

regression approach where the authors regress quarterly CAR (raw 

return minus market return, which is actually excess return) differences 

between SUE 10 and SUE 1 portfolios on five (macroeconomic) factors 

discussed in APT literature 
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The table shows that the hypothesis that the five risk factorsas a 

groupdo not explain the return difference between the SUE 10 

and SUE 1 portfolios cannot be rejected (F-test, insignficant, 

rightmost column) 

At the same time, the intercept (next to leftmost column) is 

statistically significant, suggesting an abnormal return of 4 

percent. 
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How consistent is the profitability of a long-short strategy on SUE 10 and 

SUE 1 portfolios? 

The following chart (authors’ Figure 5) shows CAR’s for the “FOS 

control portfolio SUE strategy” and the “continuously balanced SUE 

strategy,” by calendar quarter 

CAR’s are assigned to calendar quarters based on the portion of 

the 60-trading-day CAR generated within that calendar quarter 
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The return in Panel A is positive in 46 of 50 quarters and in 13 of 13 

years, while in Panel B, the returns are positive in 44 of 50 quarters 

and in 13 of 13 years; no catastrophic loss occured 

In conclusion, the risk-return profiles of the two (self-financing) 

long-short portfolios (Panels A and B) are hard to reconcile with the 

view that these returns are a risk premium (rather than abnormal 

returns) 
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Finally, the authors try assess whether the post-earnings- announcement 

drift is caused by transaction costs 

Transaction costs might prevent traders from incorporating earnings 

information quickly into prices or, in other words, prevent investors 

from exploiting seemingly profitable long-short strategies that work 

toward eliminating the mispricing 

When transaction costs are defined to include both bid-ask spreads 

and commissions, they are about 4 percent and 2 percent for small 

and large stocks, respectively 

To calculate the cost of a long-short strategy, one must double 

these amounts to reflect both legs (i.e., long and short) 

Then, taking into account that such a long-short strategy involves 

(on average) a 78 percent turnover each quarter, the implied cost 

would be about 6 and 3 percent per quarter for small and large 

stocks, respectively 

These amounts are approximately equal to the 60-trading-day 

post-announcement abnormal returns shown in the authors’ 

Table 1 (above) 



F.A. Schmid – Behavioral Finance – January 7, 2002 – Chapter 14 – Page 23 of 26 

In trying to assess the validity of the transaction cost argument, the 

authors investigate whether the transaction costs put an upper bound 

on the post-announcement drift of long-short positions with extreme 

SUE differences 

To this end, the authors divide the sample based on the companies’ 

SUE rankings into halves, then thirds, quintiles, deciles (as they 

have done before), and so on, until finally they divide the sample 

into 100 portfolios 

At each of these steps, the authors calculate the post-earnings- 

announcement 60-trading-day CAR on a portfolio that is long on the 

highest SUE portfolio and short on the lowest SUE portfolio 

Note that at each step, the SUE difference between the two 

portfolios becomes more extreme 

If trading costs cause post-announcement drift, then the CAR on 

a long-short portfolio should be limited to these costs, no matter 

how large the SUE difference between the two portfolios 

actually is. 
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Panel A of the following chart (authors’ Figure 6) shows the 

60-trading-day CAR (vertical axis) for long-short portfolios for ever 

more extreme SUE differences (horizontal axis)brought about by 

dividing the sample into ever finer SUE portfolios 

The graph for the post-announcement drift (which is displayed 

alongside with a  one-standard-deviation interval) supports the 

view that there is a bound of about 4 percent (2 percent per leg) 

up to which SUE differences are eliminated. 
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The upper bound is detailed in Panel B, which breaks down the 

sample into small, medium-size and large companies 

Remember that trading costs vary inversely with firm size 

The upper bounds for the different size classes displayed in 

Panel B lie within the transactions costs that have been 

determined in empirical studies for the size classes and the 

sample period in question. 
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Conclusion 

The stock market appears to be slow in incorporating earnings information in 

stock prices, which generates post-earnings-announcement drift 

Thus, the stock market is not efficient in the sense that all publicly 

available information is priced at any time (semi-strong form of market 

efficiency; see the chapter “Efficient Markets”). 

On the other hand, there is no money on the table 

After accounting for transaction costs, it is hard to make money on 

long-short portfolios that try to arbitrage across assets that are mispriced 

relative to each other based on earnings information. 

Least-cost dealing 

From a least-cost dealing perspective, relatively overpriced stocks should 

be the first to be sold; conversely, new money arriving at the stock market 

should flow into the relatively underpriced asset 

This way, least-cost dealing helps eliminate asset mispricing 

On one hand, least-cost dealing is more powerful than arbitrage 

because transactions costs are lower (no two legs) 

On the other hand, least-cost dealing relies on investors liquidating and 

buying anyway (and when doing this, looking for the best deal). 
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Empirical Studies 

15. Predictability of Corporate Earnings 

Reference: 

Chan, Louis K. C., Jason Karceski and Josef Lakonishok (2001) “The Level and 

Persistence of Growth Rates,” NBER Working Paper No. 8282, 

http://www.nber.org. 

Note: All tables in this chapter are from Chan, Karceski and Lakonishok (2001) 

Abstract of Chan, Karceski and Lakonishok (2001) 

“Expected long-term earnings growth rates are crucial inputs to valuation 

models and for cost of capital estimates.  We analyze historical long-term 

growth rates across a broad cross-section of stocks using several 

operating performance indicators.  We test whether growth persists, and 

whether it is [predictable].  Cases of very high growth have occurred, but 

are relatively rare.  There is scant persistence in growth beyond chance, 

and limited ability to identify companies with high future long-term growth.  

Regressions using a variety of predictors confirm the low predictability of 

growth.  Valuations that assume persistently high growth over prolonged 

periods rest on shaky foundations.” 
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Note that no company can have an earnings growth rate of more than 3.5 

percent annual forever, inflation-adjusted 

The long-term rate of real GDP growth runs at 3.5 percent and the share of 

corporate profits in national income is limited (and mean-reverting) 

Consequently, so-called growth stocks (which are frequently glamour stocks) 

cannot be growth stocks forever 

Eugene F. Fama and Kenneth R. French (2001, “Forecasting Profitability 

and Earnings,” Journal of Business 73(2), 161-175) estimates that 

profitability (ratio of earnings before interest and extraordinary items but 

after taxes, divided by the book value of assets) mean-reverts at a rate of 

38 percent annual 

Hence, you might want to be cautious before buying into a “growth stock.” 

Chan, Karceski and Lakonishok (2001), henceforth “the authors,” do not explicitly 

account for mean-reversion of earnings growth in their study on the predictability 

of earnings (of individual companies) 

(Remember that mean-reversion implies predictability, at least to some 

degree) 

The authors’ contribution is to show that … 

… earnings growth shows little persistence 

… identifying the next Microsoft (i.e., the next company with a multi-year 

run of greatly above-average earnings growth) is a game of chance 

… analysts do not add much to the predictability of earnings growth 

beyond the information subsumed in the company’s dividend yield. 
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Analysts show great confidence in predicting corporate earnings 

(Remember that the unconditional mean should be the forecast when there is 

no predictability) 

For instance, forward P/E ratios (forward price-to-earnings multiples) vary 

greatly in the IBES (http://www.firstcall.com, operated by Thomson Financial, 

a widely followed provider of corporate earnings forecasts) universe of U.S. 

companies 

At year-end 1999, the distribution of the ratio of stock price to analyst 

consensus forecasts of the following year’s earnings has a 90th-percentile 

of 53.9 while the 10th-percentile is 7.4 

Companies with a record of sustained, strong past growth in earnings are 

heavily represented among those rewarded with rich multiples (P/E ratios 

or P/B [price-to-book] ratios, which correlate strongly; see the chapter 

“Predictability of Returns”). 

Similarly, at year-end 1999 the distribution of the IBES five-year forecasts for 

average annual earnings growth has a 90th-percentile of 40 while the 

10th-percentile is 8.9 

Remember from the chapter “Heuristic and Biases” that … 

… people tend to ignore the baseline frequency of outcomes in the presence 

of noise (representativeness bias) 

… people deliver overly narrow confidence intervals (anchoring). 
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Hence, it is not surprising to discover a gap between share valuation along 

with analysts’ predictions on one hand, and realized growth of operating 

performance on the other 

For instance, take a company with a forward P/E ratio of 100 

(At the stock market peak in March 2000, the Nasdaq 100 or more than 

ten percent of the U.S. market capitalization traded in this neighborhood) 

Assume that the P/E ratio reverts to 20 within 10 yearsa conservative 

measure given the historical average of around 15and the return on the 

stock over this 10-year period is zero (no capital gain, no dividends) 

In such a scenario, the earnings of this company would have to grow by 

17.5 percent a year! 

Alternatively, if the investors demanded a capital gain of 10 percent (no 

dividends), the earnings would have to grow by an annual 29.2 percent 

Casual evidence suggests that the return investors expect on glamour 

stocksmany of which trade at P/E ratios around 100greatly exceeds 

10 percent. 
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The authors’ sample comprises all domestic stocks with data on the Compustat 

Active and Research files 

Companies are selected at the end of each calendar year from 1951 to 1997 

The number of eligible companies grows from 359 in the first sample 

selection year to 6,825 in the last year; on average the sample comprises 

about 2,900 companies. 

Note that none of the numbers in this study is inflation-adjusted. 

The authors look at three measures of operating performance 

Net sales 

Operating income before depreciation 

Income before extraordinary items 

This frequently used measure is beset with pitfalls 

Often times, this number is negative; consequently, the growth rate is 

undefined 

Recovering beaten-down companies and startups that start to 

generate profits often exhibit very high growth rates, which distorts the 

picture. 

In the analysis, the authors take the perspective of an investor who buys and 

holds the stock over some time period 

All numbers are on a per-share basis, adjusted for dividends and stock splits 

Dividends (and special contributions, such as spin-offs) are reinvested to 

put companies with different payout policies on equal footing. 
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Distribution of historical growth rates over long horizons (five and ten years) 

Percentiles are calculated for the distribution obtained at each year-end, and 

then the percentiles are averaged across years 

Note that because dividends (and other distributions) are reinvested, the 

calculated growth rates are higher than conventional growth rates 

Also, note the survivorship bias (in another section of the paper the 

authors document an upward bias in growth rates due to survivorship) 

Not all companies survive the time period in question 

For negative base values (not applicable for sales), no growth rates 

are calculated. 

To illustrate the survivorship problem, on average there are about 2,900 

companies available for inclusion at each year-end 

Of these, 2,782 companies survive until the end of the next year and 

have a reported value for income before extraordinary items 

Of these companies, 1,994 have positive values for income in the 

base year, i.e., can be used to calculate growth rates. 

At the five-year horizon, there are on average 1,884 surviving 

companies, for 1,398 of which growth rates can be calculated. 

At the ten-year horizon, there are on average 1,265 surviving 

companies; growth rates are calculated for 1,002 of these, while the 

remainder has negative base values. 
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Table 1 provides a sobering reality check for analysts and investors who flock 

to stocks with rich price-earnings multiples 

Take the aforementioned example of a stock with a price-earnings ratio of 

100 that declines to 20 in ten years’ time with an expected return of 10 

percent a year 

As mentioned, earnings must grow at 29.2 percent per year over ten 

years to justify the current multiple 

This is a tall order by historical standards: the growth rate 

corresponds to about the 95th-percentile of the distribution of 

ten-year growth rates (with dividends reinvested). 

Suppose earnings grow at a historically more representativebut still 

healthyannual rate of 14.7 percent (the 75th-percentile) 

In this case, the current P/E ratio of 100 would be justified if the 

time for the multiple to fall to 20 is stretched out to 38 years! 
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Table 2 reports the distribution of growth rates for large companies only 

(companies in the two top deciles of year-end equity market capitalization) 

Bigger companies have a larger scale of operations and hence are more 

likely to face limits on their growth 

Hence, extremely high growth rates are less prevalent in Table 2 

compared to Table 1 

For example, the 90th-percentiles of growth over 10 years for all 

three measures of operating performance are close to 16 percent a 

year 

Note that dividend yields are higher for large companies, i.e., 

the numbers calculated for large firms overestimate the actual 

growth rates by a wider margin than for small companies. 
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In summary, the estimated median growth rate is reasonable compared to the 

overall economy’s growth rate 

On average, over the sample period, the median growth rate over ten 

years for income before extraordinary items is about 10 percent for all 

companies 

The behavior over the last three (overlapping) ten-year periods in the 

sample roughly matches the overall average (see Tables 1 and 2) 

Growth in the other two measures of operating performance also 

exhibits comparative medians. 

After subtracting the dividend yield (the median yield is 2.5 percent) as 

well as inflation (which averages 4 percent per year over the sample 

period), the growth in real income before extraordinary items is roughly 

3.5 percent per year 

This number is consistent with the historical growth rate of real 

GDP, which has averaged 3.4 percent per year over 1950-98 

It is difficult to see howover the long haulprofitability of the 

business sector can grow much faster than the overall gross 

domestic product. 
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Persistence in growth 

It typically takes more than one or two years of high growth to ignite investors’ 

enthusiasm for a stock 

Rather, many high-flying stocks have a track record of consistently 

superior growth over several years 

Conversely, stocks that have done poorly over prolonged periods are 

shunned and trade at low multiples. 

The difference in valuation based on the growth record indicates a pervasive 

belief that stocks with high or low future growth are easily identifiable ex ante 

For instance, analysts and investors seem to believe that a company 

whose past growth puts it in the top tier of growth rates for several years in 

a row is highly likely to repeat this performance in the future. 

The authors define persistence in growth rates as achieving a growth rate 

above the median for a consecutive number of years (called “runs”) 

In order to go around the problem of undefined rates of growth when base 

year values are negative, the authors assign growth rates to companies in 

years with negative base value according to the following principle 

The authors rank the companies by their change in earnings 

normalized by the share price (rather than the base-year earnings 

number); companies with negative base-year earnings numbers are 

assigned the arithmetic mean of the earnings growth rates of the 

neighboring companies (given that they are valid). 

At each year-end over the sample period the authors calculate how many 

firms achieve runs over horizons of one to ten years in the future 

Note that because survivors are likely to perform better than the 

population, survivors have a greater chance of being above the 

median. 
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Table 3 reports runs, averaged across year-ends 

For growth in sales (panel A), for instance, out of an average number of 

2,900 companies available for sample selection at year-end, 2,771 

companies on average survive until the end of the following year 

Over the following ten years there are, on average, 1,265 surviving 

companies 

Of these companies, 11 have sales growth rates that exceed the 

median in each of the ten years, representing about 0.87 percent of 

the eligible 1,265 survivors 

If sales growth is independent across time periods, we should 

expect to see 0.510  (about 0.098 percent) 

Hence, there seems to be some persistence in sales growth rates, 

the survivorship bias notwithstanding. 

Over a five-year horizon, on average 118 companies, or 6.3 percent of 

the 1,878 companies who exist over the full five years, turn in runs 

above the median 

The number expected under the hypothesis of independence over 

time is about 59 (or 3.1 percent of 1,878) 

Again, it is fair to conclude that there is a certain degree of 

persistence in sales growth rates, the survivorship bias 

notwithstanding. 
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Panel B of Table 3 shows that there is much less (if any) persistence in 

operating income before deprecation 

On average, 67 companies a year, or 3.6 percent of 1,833 surviving 

companies, have above-median runs for five consecutive years, 

compared to 57 companies that can be expected by pure chance 

On average, 4 companies a year, or 0.3 percent of 1,223 survivors, 

have above-median runs for ten years in a row, which is 3 more than 

expected by chance 

Note that the respective number for the most recent ten-year periods 

do not differ markedly from the historical average. 

Virtually no persistence can be detected in Panel C (of Table 3), which 

looks at income before extraordinary items 

An average of 57 companies (3 percent) beat the median for five years 

in a row, while 59 (3.1 percent) are expected to do so 

Runs above the median for ten years occur in 0.2 percent of 1,265 

cases (or 2 companies), roughly matching the expected frequency (0.1 

percent, or 1 company). 
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Table 4 repeats the exercise of Table 3 for different categories of stocks, as 

defined by the authors 

The median value the companies have to beat is the median value of the 

entire sample (not just the one that applies to the specific category of 

stock) 

Technology stocks are defined by SIC codes (238; 357; 366; 38; 48; 737); 

these stocks are R&D intensive and belong predominantly to the computer 

equipment, software, electrical equipment, communications and 

pharmaceutical industries 

Sales show a certain degree of persistence for technology stocks (as it 

does for stocks overall [Table 3] and for all other categories of stocks 

displayed in Table 4) 

There is also a great deal of persistence in the rate of growth of 

operating income, but little difference to the expected chance 

frequency for income before extraordinary items 

The finding of persistence in growth of operating income might be 

due to the survivorship bias, which might be particularly acute for 

technology companies. 

Value stocks are stocks that rank in the three lowest deciles by 

market-to-book value 

Glamour stocks are stocks that comprise the three highest deciles by 

market-to-book value 

The popular sentiment is that persistence in growth extends to glamour 

stocks generally 

Yet, when glamour stocks are compared with value stocks, the two 

measures of earnings growth are nearly identical for the two 

categories of stocks (and close to the chance frequencies). 
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Large caps rank in the top two deciles by market capitalization, while small 

caps rank in the bottom three deciles, and midcaps in the remaining five 

deciles 

While sales growth tends to be more persistent for large companies, it 

does not translate into persistent growth in the bottom-line income 

numbers. 
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In summary, analysts and investors seem to believe that companies’ 

earnings grow at high rates for several years 

The evidence suggests that the number of such instances is not much 

different from what might result from mere chance 

The lack of persistence in earnings growth agrees with the notion that 

in competitive markets abnormal profits tend to dissipate over time. 
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Comparison with IBES consensus forecasts 

Historically, some companies have enjoyed torrid growth rates in excess of 

thirty percent a year for prolonged periods 

If such companies are identifiable ex ante, then price-to-earnings ratios in 

excess of a hundred might not be unwarranted 

Stock analysts are not shy about making aggressive growth forecasts so 

they are apparently confident in their ability to pick the future success 

stories 

Note that the dispersion between the top and bottom deciles of IBES 

long-term forecasts is about 31 percentage points! 

For the following analysis (and for the remainder of the authors’ study), rates 

of earnings growth are calculated without dividends reinvested 

Note that IBES forecasts, which refer to income before extraordinary 

items, do not assume dividends being reinvested. 

In Table 8 the authors compare realized rates of earnings growth (rates of 

growth of income before extraordinary items) with IBES long-term consensus 

(median) earnings forecasts, which refer to a three- to five-year horizon 

The sample period begins in 1982 (and runs through 1998) because IBES 

forecasts are not available prior to 1982 

At each year-end, the authors rank all domestic companies with available 

IBES long-term forecasts and sort them into quintiles (20-percent 

quantiles) 

The table tracks for each sample selection date (each year-end) the 

growth rates of companies that survive over the next one, three or five 

years in each quintile 

The median realized growth rate over the companies in each quintile is 

then averaged across all sample selection dates. 
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Table 8 shows a large dispersion in IBES long-term consensus forecasts, 

with analysts boldly distinguishing between companies with high and low 

growth prospects 

The median estimate in quintile 1 averages 6 percent, while the 

median estimate in quintile 5 is 22.4 percent, the difference amounting 

to a staggering 16.6 percentage points (bottom panel) 

On the other hand, the dispersion in the realized five-year growth rates 

amounts to only 7.5 percentage points (panel D). 

Notably, analysts’ estimates are quite optimistic 

For all quintiles, the IBES growth forecasts (bottom panel) vastly 

exceed the realized rates of growth (panel D). 

On the other hand, the IBES long-term median forecasts (bottom panel), 

match up fairly well with the realized growth rates over the one-year 

horizon (panel A). 
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Do analysts add value? 

The authors entertain a horse race between highly paid stock analysts and 

the stock’s dividend yield (last four [quarterly] dividend payments divided by 

current share price) in predicting operating performance 

Companies might retain earnings for investment and growth, or pay them 

out as dividends 

In equilibrium, at the margin the shareholder is indifferent between 

keeping the dividend invested in the company and having it paid out 

(and invested elsewhere) 

High dividend yields come at the expense of future growth 

Generally, in equilibrium, a company’s dividend policy signals the 

availability of positive-NPV (net present value) projects. 

In summary, the dividend yield is expected to have predictive power for 

the earnings growth rate 

Generally, in equilibrium, a company’s dividend policy signals the 

availability of positive-NPV (net present value) projects. 

The authors’ estimate the following regression model: 

 

The authors use, alternatively, all three measures of operating 

performance as dependent variables 
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The forecast equation incorporates explanatory variables that are 

popularly thought to connote high growth 

For instance, there is an indicator variable for companies from the 

technology and pharmaceutical sectors (TECH). 

To be eligible, a company must have no missing value for the time horizon 

in question and a positive base-year value of the operating performance 

variable in question (otherwise the growth rate is not defined) 

The displayed R 2 is in fact the R 2  (adjusted R 2) 

Although on shaky theoretical ground, an increase in the R 2  in 

response to adding an explanatory variable in a regression equation to 

an existing set of explanatory variables if often read as this variable 

having additional explanatory power, that is having predictive power 

beyond the information contained in the existing set of explanatory 

variables 

Note that the sign of the dividend yield in the regression equation is 

expected to be negative, while the sign of the IBES long-term forecast 

is expected to be positive. 
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Panel D shows the regression equation for the out-of-sample prediction of 

long-term (five-year) growth 

IBES long-term forecasts are statistically significant and have the 

expected sign 

When the dividend yield is added, … 

… the regression coefficient has the expected sign and is 

statistically significant (save for income before extraordinary 

income) 

… the R 2  increases (which, roughly, can be read as the dividend 

yield adding predictive power) 

… the t-statistics of the IBES regression coefficient decreases. 

Judged by values of the R 2  statistics, the predictability of long-term 

growth seems to be poor. 

Unfortunately, the horse-race the authors entertained is not state of the art 

and allows no conclusion about the relative predictive power of IBES 

forecast vis-à-vis the predictive power of the dividend yield 

To compare the predictive power of the long-term IBES forecast with 

the predictive power of the dividend yield, the authors would have to 

conduct a J-test, which is a set of two tests 

The J-test, which is not always conclusive, tries to assess which 

variable drives out which (in terms of explanatory power). 
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Theoretical Models 

16. Noise Trader Risk (Limits of Arbitrage I) 
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Arbitrage 

Arbitrage in its purest form is defined as the simultaneous purchase and sale 

of the same security in two different markets for advantageously different 

prices 

Arbitrage plays a critical role in securities markets because it works toward 

the elimination of security mispricing 

Theoretically, arbitrage requires no capital and entails no risk 

Future cash flows of arbitrage transactions are zero and mispricing is 

eliminated instantly. 

Real-world arbitrage rarely fits the above textbook description 

Mispricing rarely occurs between two identical securities (and if it does, 

arbitrage will eliminate it quickly); rather, mispricing happens between 

similar securities (as the following example of shares of Royal Dutch 

Shell illustrates) 

The risk of arbitrage is that the securities mispricing might deepen in 

the short run 

Institutions that attract outside money to engage aggressively on risk 

arbitrage (correction of securities mispricing) are called hedge funds (a 

misnomer). 
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Noise traders 

A major reason for securities mispricing is the existence of noise traders 

Noise traders, as opposed to sophisticated investors, are unable to 

distinguish information from noise 

Noise traders trade on noise as if it were information 

Noise traders provide liquidity to financial markets 

There is empirical evidence that stock markets are more volatile when 

open than when closed 

This empirical finding indicates that there is more trading than the 

arrival of new information warrants. 

Noise traders cause securities prices to deviate from intrinsic value 

The intrinsic (or fundamental) value of a security is the “true” value of 

the security given the state of information about its future cash flows at 

the time 

Securities mispricing offers arbitrage opportunities 

Arbitrage is risky in that noise traders might deepen the securities 

mispricing in the short run (noise trader risk). 
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Modeling noise traders 

Early asset pricing models with noise traders concluded that there is no 

sustained securities mispricing 

Noise trader risk was treated as idiosyncratic, which means that it could 

be eliminated through diversification 

Risk that can be eliminated is not priced. 

Note that noise traders trade more with informed traders than they trade 

with other noise traders, because the noise traders and the informed 

traders are eager to bet against each other 

In early noise trader models in which noise traders have no sustained 

influence on securities prices, noise traders (on average) suffer losses 

when trading with informed investors and are driven out of the market 

Note that there always are some noise traders around, because new 

noise traders enter the market and existing noise traders keep 

investing (part of) their labor income. 
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There is reason to believe that noise trading may lead to sustained deviations 

of securities prices from their intrinsic values 

If the time horizon of arbitrageurs is finite (rather than infinite), arbitrage is 

limited in its ability to eliminate mispricing 

Most arbitrageurs are agents for institutions or wealthy investors 

Investors evaluate arbitrageurs at regular, relatively short intervals 

and pay them according to their performance 

The longer an arbitrageur keeps losing money (despite being on 

the right side of the market), the more likely the principal is 

inclined to believe that the arbitrageur is on the wrong side of 

the market. 

Many arbitrageurs borrow securities (when short-selling) and money 

from intermediaries to put on their trades 

Arbitrageurs face a liquidity risk because they have to make interest 

payments on loans, and they might face margin calls if the value of 

the collateral falls 

There is also a risk of having to return borrowed securities if the 

owners of these securities decide to sell. 
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The “twin-securities” case of Royal Dutch and Shell Transport 

Froot, K.A., and E. Dabora (1999) “How are Stock Prices Affected by the 

Location of Trade,” Journal of Financial Economics 53, 189-216 

Royal Dutch and Shell are independently incorporated in the Netherlands and 

England, respectively 

For details on the company history see <http://www.shell.com/> 

The Royal Dutch/Shell group emerged from an alliance between Royal 

Dutch and Shell Transport and Trading in 1907 

The companies merged their interests on a 60:40 ratio; all cash flows 

are effectively split in these proportions. 

Royal Dutch trades primarily in the Netherlands and the United States (and is 

included in the S&P 500) 

Shell trades predominantly in the United Kingdom (and is included in the 

Financial Times Allshare Index, FTSE) 
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If the market values of securities were equal to the net present values of 

future cash flows, the value of Royal Dutch equity should be equal to 1.5 

times the value of Shell equity 

As the following figure shows, there are enormous deviations from parity, 

ranging from the relative underpricing of Royal Dutch by 35 percent to 

relative overpricing by 10 percent 

Remember that both kinds of stocks are about equally liquid, which 

means that a possible liquidity premium cannot explain the price 

differences 

In a market where arbitrageurs have infinite time horizon and face no 

transaction costs, an arbitrageur can simply go long on the relatively 

underpriced shares and go short on the relatively overpriced shares, 

and hold the hedged positionif necessaryforever 

 

Source: Shleifer (2000, p. 30) 
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The above figure illustrates the risk of mispricing deepening 

An arbitrageur who went long on the relatively underpriced Royal Dutch 

shares and went short on the relatively overpriced Shell shares in mid 

1983 when the mispricing was 10 percent, experienced a severe 

deterioration of his position as the mispricing widened to nearly 25 percent 

six months later 

If this arbitrageur was leveraged or had to explain his losses to 

investors, he might have failed to survive through these losses and 

might have been forced to liquidate this position 

Note that it took about four years for the 30 percent mispricing that 

prevailed in September 1980 to go away. 

Another example of a violation of the law of price are the prices of stocks 

of 3Com and its subsidiary Palm in the year 2000 

See the chapter “Valuation of 3Com and Palm” 

Owen and Thaler argue that the price pressure from short-selling 

was limited through a shortage of stocks available for borrowing. 



F.A. Schmid – Behavioral Finance – May 30, 2002 – Chapter 16 – Page 9 of 30 

A model of noise trading 

The following theoretical model shows that the unpredictability of investor 

sentimentof future noise trader demand for assetsbecomes an important 

source of risk and a deterrent to arbitrage 

The model shows that the conclusion of unsophisticated investors earning 

lower average returns than the arbitrageurs is unwarranted 

The model 

There are arbitrageurs (informed investors) and noise traders 

All noise traders are identical, and so are all arbitrageurs 

Noise traders form erroneous beliefs about the future distribution of 

returns on a risky asset 

Note that because all noise traders are identical, the erroneous beliefs 

are common to all noise traders. 

It is optimal for arbitrageurs to exploit noise traders’ misperceptions 

The model will show that the arbitrageurs’ investment strategies push 

prices toward fundamentals, but not all the way. 

The model is a simple overlapping generations (OG) model 

A new generation of agents is born every period 

All agents live for two periods 

There are two types of agents 

There are noise traders (denoted n ) that are present in measure 

 , and there are arbitrageurs (denoted a) that are present in 

measure 1   
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There is no first-period consumption, no labor supply or bequest 

The resources agents have available to invest are exogenous 

The only decision agents make is to choose a portfolio when young 

(i.e., at the beginning of the first period). 
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There are two assets that make identical dividend (or coupon) payments 

The safe asset, s , pays a fixed real (i.e., inflation-adjusted) dividend, r , 

per period 

A unit of the safe asset can be created out of, and a unit of the safe 

asset can be turned into, a unit of the consumption good in any period 

With consumption each period taken as numeraire, the price of the 

safe asset is always fixed at one 

The dividend r  paid on asset s  is the risk-free rate. 

The risky asset, u , always pays the same fixed real dividend r  as asset s  

Unlike asset s , asset u  is not in elastic supply: its quantity is fixed and 

equal to one 

The price of u  in period t  equals p t  

If the price of asset u  were equal to the present value of its dividends (i.e., 

its intrinsic value), then assets u  and s  would be perfect substitutes and 

would sell at the same price in all periods 

The model shows that there might be sustained deviations of the price 

the risky asset, u , from intrinsic value. 

The model assumes limited risk-bearing capacity of arbitrageurs 

The limit on the arbitrageur’s risk-bearing capacity may result from 

market-wide noise trader risk or from noise trader risk that affects a 

large group of stocks 

The bubble in telecom stocks in the late 1990s that started deflating in 

March 2000, is an example for such correlation 

When a large fraction of the market (e.g., Nasdaq 100) is affected by 

noise trader risk, arbitrageurs cannot diversify, which limits the 

aggressiveness of their trades. 
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Both types of agents choose their portfolios when young (in period t ) to 

maximize perceived expected utility given their own beliefs about the ex 

ante mean of the distribution of the price of u  at t 1 

(Remember that the expected utility is the expected value of the utility 

levels that are associated with the respective possible states of nature) 

The representative arbitrageur (young in period t ) accurately perceives 

the distribution of returns from holding the risky asset 

The representative noise trader (young in period t ) misperceives the 

expected price of the risky asset by an independent and identically 

distributed normal random variable  t : 

   t ~ *,N( )2  

The mean misperception  *  is a measure of the average 

“bullishness” of noise traders (as measured across generations; 

note that within every generation, all noise traders are identical) 

The results that are derived in the following depend critically on 

the unpredictability of investor sentiment. 

The constant  
2  is the variance of noise traders’ misperceptions of 

the expected return per unit of risky asset 

Noise traders maximize their own expectation of utility given the 

next-period dividend, the one-period variance of p t 1, and their 

false belief that the distribution of the price of u  next period has 

mean  t  above intrinsic value. 
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Each agent’s utility is a constant absolute risk aversion (CARA) function of 

“final” wealth, that is, wealth when he is old: 

U e w   (2 )  

where 2  is the coefficient of absolute risk aversion and w  is final 

wealth 

Remember the definition of absolute risk aversion, ra : 


 



( )

( )
a

U w
r

U w
 

Given their beliefs, all young agents divide their portfolios between u  

and s  

When old, agents convert their holdings of s  into the consumption 

good, sell their holdings of u  for the price p t 1 to the young, and 

consume all their wealth 

With normally distributed returns to holding a unit of the risky asset, 

maximizing a CARA function is equivalent to maximizing the following 

mean-variance utility: 

w w   2  

where w  is the expected final wealth, and  w
2  is the one-period 

ahead variance of wealth (and 2  is the Arrow-Pratt degree of 

absolute risk aversion) 
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The representative sophisticated investor chooses the amount 
t
a of the 

risky asset u  to maximize 

E( ) 2U w w     
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The representative noise trader chooses the amount 
t
n  of the risky asset 

u  to maximize 

E( ) 2U w w     
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The only difference between the objective functions of the arbitrageur 

and the noise trader is the term  
t
n

t , which captures the noise 

traders’ misperceptions of the expected return from holding 
t
n  units of 

the risky asset 

Maximizing the objective functions with respect to the quantities of the 

risky asset held by the two representative individuals,  
t
a

t
n, , yields 

the following two demand functions: 
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Arbitrageurs’ and noise traders’ demands for the risky asset are 

allowed to be negative (although not for both parties of the same 

generation), which means that they are allowed to take short positions 

The fact that returns are unbounded gives each party the chance of 

having negative final wealth (although not for both parties of the same 

generation) 

The demands for the risky asset are proportional to its perceived 

excess return (i.e., return over the risk-free asset) and inversely 

proportional to its perceived variance 

The only difference between the arbitrageur’s and the noise 

trader’s demand function is the term 


 

t

t p t
2 ( ) 

2

1




, which 

captures the noise traders’ misperceptions of the expected 

return of the risky asset 

When noise traders overestimate expected returns, they 

demand more of the risky asset than the arbitrageurs; if they 

underestimate the expected return, they demand less 

Arbitrageurs exert a stabilizing influence in this model since 

they offset the volatile positions of the noise traders 

This finding casts doubt on the destabilizing role of 

hedge funds (a misnomer for “risk arbitrage funds”) in 

financial markets, a much-touted hypothesis by 

politicians (who actually know better) and people 

susceptible to conspiracy theories. 
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The variance of prices in the denominators of the demand functions is 

derived solely from noise trader risk 

Both noise traders and arbitrageurs limit their demand for the 

risky asset because the price at which they can sell it once they 

are old depends on the uncertain beliefs of the next period’s 

young noise traders 

This uncertainty about the price at which asset u  can be sold 

afflicts both parties and prevents them from taking unlimited 

bets against each other 

This way, noise traders keep arbitrageurs from driving prices 

all the way to fundamental values. 
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To calculate equilibrium prices, observe that the old sell their holdings to the 

young, which means that the demand of the young for the risky asset (which 

is in fixed supply) must sum up to unity: 

(1 ) 1       
t
a

t
n  

After inserting the respective demand functions we obtain for the price of 

the risky asset, u , in period t , p t : 

p
r

r pt t t t p t
t
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1
     

The price of the risky asset, p t , is a function of … 

… misperception by noise traders ( ) t  in period t  

… technological ( )r  and behavioral ( )  parameters 

… the moments (expected value; variance) of the 

one-period-ahead distribution of p t 1 
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We consider only steady-state equilibria by imposing the restriction that 

the unconditional distribution of p t 1 be identical to the distribution of p t  

The endogenous one-period-ahead distribution of the price of asset u  

can thus be eliminated from the above pricing function by solving 

recursively: 

p
r r r

t
t

t p t
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Technically, this recursive solution is arrived at by substituting 

 t t t
*  ( E [ ])  for the random variable  t , substituting p t  for 

p t 1, and then solving for p t  

The solution reads (after rearranging terms): 
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Only the second term, 
   



( )

1

t

r

*

, is variable (random due to 

the randomness of investor sentiment,  t ), for  , * , and r  are 

all constants, and the one-period-ahead variance of p t  is a 

simple unchanging function of the constant variance of a 

generation of noise traders’ misperceptions  t : 
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The final form of the price of u , which depends only on 

exogenous parameters of the model and on public information 

about present and future misperceptions by noise traders, 

reads: 
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The last three terms of the price of asset u  show the impact of 

noise traders (remember that if there were no noise traders the 

price of the risky asset would be unity) 

The second term, 
   



( )

1

t

r

*

, captures the fluctuations in 

the price of the risky asset u  due to the variation in noise 

traders’ misperceptions 

Even though asset u  is not subject to any 

fundamental risk and is known to be so by a large 

class of investors (the arbitrageurs), its price varies 

substantially as noise traders’ opinions change 

When a generation of noise traders is more bullish 

than the average generation, they bid up the price 

Conversely, when a generation of noise traders is 

more bearish than the average generation, they 

bid down the price 

When noise traders hold their average 

misperception, the term is zero. 

The third term, 
  *

r
, captures the deviations of p t  from its 

fundamental value due to the fact that the average 

misperception by noise traders [note that within every 

generation, all noise traders are identical],  * , is not zero 

If noise traders are bullish on average, this “price 

pressure” effect makes the price of the risky asset 

higher than it would otherwise be. 
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The fourth term,   
 

2
(1 )

2 2

2


  

r r
, captures the effect of 

noise trader risk on the price of the risky asset 

Both parties (arbitrageurs; noise traders) present in 

period t  believe that the asset is mispriced (but the 

parties think it is mispriced in different directions) 

Because p t 1 is uncertain, neither party is willing to 

bet too much on this mispricing 

At the margin, the return from enlarging one’s 

position is offset by the additional risk that must be 

borne 

The uncertainty over next period’s noise traders’ 

beliefs makes the otherwise risk-free asset u  

risky, driving down its price and increasing its 

return 

This way, noise traders “create their own 

space.” 
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A brief discussion of the economic implications of three fundamental 

assumptions of the model 

(1) Overlapping generations 

If there were a last period, both parties would engage in unlimited bets 

against each other in what they perceive to be risk-free arbitrage 

Each party’s horizon is limited, which means that neither party has any 

opportunity to wait until the price of the risky asset recovers before 

selling 

The limited time horizon corresponds to real-world institutional 

features such as frequent evaluations of money managers’ 

performance 

If the horizon of arbitrageurs is long relative to the duration of 

noise traders’ optimism or pessimism toward risky assets, then 

they can buy low, confident of being able to sell high when 

prices revert to the mean 

In general, the longer the horizon of the arbitrageurs, the more 

aggressively they trade, and the more efficient are the markets 

The longer the arbitrageurs’ horizon, the more periods there are 

in which they can liquidate the position 

The longer the time horizon, the bigger is the share of dividends 

in expected returns (dividend payments as an insurance 

mechanism). 
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(2) Fixed supply of risky asset 

This assumption prevents the arbitrageurs to convert relatively 

underpriced assets into relatively overpriced assets 

In the dual share example of Royal Dutch Shell, this assumption 

fits the data 

In other instances, this assumption is at odds with reality 

There is empirical evidence that companies (successfully) time 

the market when issuing stock (initial public offerings [IPOs] or 

seasoned equity offerings [SEOs]). 

(3) Noise trader risk is systematic 

Noise trader risk affects the market as a whole or a significant segment 

of traded securities 

If noise trader risk were purely idiosyncratic, it would not be 

priced (because it could be diversified away) 

If noise trader risk is systematic, there is co-movement across 

the affected securities prices. 
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Relative returns of noise traders and arbitrageurs 

When noise trader risk is idiosyncratic, noise trader risk is not priced, and 

noise traders’ expected value from trading with informed traders is 

negative 

The expected return of noise traders from holding risky assets is lower 

than the return of the informed traders 

Besides, the more noise traders trade, the worse they do 

For empirical evidence, see, for instance, Terrance Odean 

(1999) “Do Investors Trade Too Much?” American Economic 

Review 89, 1279-89, and other papers of the same author. 

However, when noise trader risk is systematic, noise traders might enjoy 

higher returns than informed traders 

If noise traders portfolios are concentrated in assets subject to noise 

trader risk, noise traders can earn higher average rates of return on 

their portfolios than arbitrageurs 

The difference between the changes in wealth (from initial wealth in period 

t  to final wealth in period t 1) between the two groups of investors is 

solely due to differences in the fractions of the risky asset held by the two 

groups, 
t
a and 

t
n : 

W r p p rn a t
n

t
a

t t       ( ) [ (1 )]1   

For the difference in demand,  
t
n

t
a , we can write on the basis of 

what we have established above: 
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Note that as   (measure for [fraction of] noise traders) becomes 

small, noise trader risk decreases and the bets the two groups 

place against each other increase. 



F.A. Schmid – Behavioral Finance – May 30, 2002 – Chapter 16 – Page 24 of 30 

For the ex-ante excess payoff of the risky asset u  (i.e., payoff in 

excess of the payoff of the risk-free asset s  as of time t ), 

t t tr p p r[ (1 )]1    , we obtain with the help of the pricing function, 

p
r

r pt t t t p t
t
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Consequently, we can write for the ex-ante difference in the change in 

wealth between the two groups of investors: 
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We thus obtain for the expected value of the difference in 

changes in wealth across the two parties of investors, using the 

statistical property E( ) [E( ] Var( ) 2  2   ) : 
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The equation shows that “bullishness” (a positive  * ) is a 

necessary condition for noise traders to earn higher expected 

returns than arbitrageurs 

The first term,  * , increases noise traders’ return through the 

“hold more” effect 
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The noise traders’ expected return relative to the return of 

the arbitrageurs increases when noise traders hold more of 

the risky asset and earn a larger share of the rewards of risk 

bearing 

Note that when  *  is negative (noise traders are bearish), 

the unpredictability of investor sentiment (i.e., noise traders’ 

misperceptions) still makes asset u  risky and still pushes up 

the expected return on asset u  

The rewards to risk bearing accrue disproportionately to 

arbitrageurs, who on average hold more of the risky 

asset than the noise traders do. 

The first term in the numerator, (1 ) ( )2 2 r  * , incorporates the 

“price pressure” effect 

As noise traders become more bullish, they demand more of 

the risky asset on average and drive up its price 

The noise traders thus reduce the return on risk bearing 

and, hence, the difference between their returns and 

those of arbitrageurs. 
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The second term in the numerator, (1 ) 2 2 r   , incorporates the 

“buy high – sell low” or Friedman effect (named after Milton 

Friedman who published in 1953 one of the first papers on noise 

traders) 

As noise traders become more bullish, they demand more of 

the risky asset on average and drive up its price 

Because noise traders’ misperceptions are stochastic, 

they have the worst possible market timing 

Noise traders buy the most of the risky asset u  when 

other noise traders are buying it, which is when they 

are most likely to suffer a capital loss 

Just think of all the people who invested in 

telecom stocks in the late 1990s. 

The more variable noise traders’ beliefs are, the more 

damage their poor market timing does to their returns. 

The denominator, 2 2      , incorporates the “create space” 

effect 

As the variability of the noise traders’ beliefs increases, so 

does price risk 

To take advantage of noise traders’ misperceptions, 

arbitrageurs must bear this greater risk 

Because arbitrageurs (like noise traders) are 

risk-averse, they limit their bets against the noise 

traders. 

If the “create space” effect is large, then the “price 

pressure” and “buy high – sell low” effects inflict less 

damage on noise traders’ average returns relative to 

arbitrageurs’ returns. 
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Neither party clearly dominates in terms of expected returns 

The “hold more” and “create space” effects tend to raise noise traders’ 

relative expected returns (“relative” meaning “compared to 

arbitrageurs”) 

The “buy high – sell low” and the “price pressure” effects tend to lower 

noise traders’ relative returns 

Noise traders cannot earn higher than average returns if they are on 

average bearish [remember that within every generation, all noise 

traders are identical], for if the average misperception,  * , does not 

exceed zero, there is no “hold more” effect and 

E( )
(1 ) ( ) (1 )

2

2 2 2 2

2
W

r r

n a  
  

  


 

  





*

*

 is consequently 

negative 

Also, noise traders cannot earn higher than average returns if they are 

too bullish on average [note that within any generation, all noise 

traders are identical], for as  *  gets large, the price pressure effect, 

which increases with ( ) 2 * , dominates 
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For intermediate degrees of average bullishness,  * , noise traders 

earn higher expected returns than informed investors 

Investors evaluate arbitrageurs at regular, relatively short intervals 

and pay them according to their performance 

Equation E( )
(1 ) ( ) (1 )

2

2 2 2 2

2
W

r r

n a  
  

  


 

  





*

*

 shows 

that the larger   is, that is, the more risk-averse agents are, the 

larger is the range of  *  over which noise traders earn higher 

average returns 

No blanket statement can be made that noise traders lose 

money and eventually become unimportant. 
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Noise traders are unhappy people 

Since sophisticated investors maximize true (rather than misperceived) 

expected utility, any trading strategy alternative to theirs that earns a 

higher mean return must have a variance sufficiently higher to make it 

unattractive 

Sophisticated investors are necessarily better off when noise traders 

are present in this model 

The presence of noise traders gives sophisticated investors a 

larger opportunity set in that they can still invest all they want at 

the risk-free rate r . 

Noise traders are likely to end up poor 

Expected returns are not the same as survival 

It can be shown (see the chapter “Judging Investment 

Strategies”) that long run survival in financial markets relies on a 

delicate trade-off between risk and expected return 

Among rational investors with different utility functions, those 

with logarithmic preferences over final wealth have the highest 

probability of keeping their wealth above a given level in the 

long run 

While both types of agents have the same utility function (and 

thus the same degree of risk aversion,  ), high average 

bullishness (misperception of fundamentals) leads noise traders 

to (unintentionally) take on more risk than what their degree of 

risk aversion calls for. 
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Investment advice 

Do not try to ride stock market bubbles 

Sell stocks the public has fallen in love with and do not get back in after 

seeing the stock keep going up 

Many of those who tried to ride the telecom bubble in the late 1990s 

wound up with gaping losses 

There was a young lady from Niger 

Who smiled as she rode on a tiger 

They returned from the ride 

With the lady inside 

And a smile on the face of the tiger 

Do not trade frequently (Don’t lose money “coming and going”) 

Most personal investors fall into the category of noise traders, and so 

might you 

Remember that when you trade, you are more likely to trade with an 

informed investor than with a noise traders (because noise trader risk 

tends to be correlated), which means that you are likely to lose. 



F.A. Schmid – Behavioral Finance – October 24, 2002 – Chapter 17 – Page 1 of 26 

Theoretical Models 

17. Professional Arbitrage (Limits of Arbitrage II) 

Reference: 

Emmons, William R., and Frank A. Schmid (2002) "Asset Mispricing, Arbitrage, 

and Volatility," Federal Reserve Bank of St. Louis Review, Vol. 84(6), 19-28, 

http://research/stlouisfed.org/publications/review. 

Shleifer, Andrei (2000) Inefficient Markets: An Introduction to Behavioral Finance. 

Oxford: Oxford University Press, Chap. 4. 

"Markets can remain irrational longer than you remain solvent." 

John Maynard Keynes 

The nature of the arbitrage business 

Convergence traders try to exploit asset mispricingthat is, financial market 

inefficienciesby going long on the comparatively underpriced security and 

short on the comparatively overpriced security 

A hedged trading position is self-financing because the short-sale 

proceeds can be used to finance the long position 

Short-selling earns the risk-free rateas the proceeds of the short-sale 

are invested at the risk-free rateplus the change in the price of the 

security 

Interest payments or dividend payments of the borrowed security 

go to the securities lender. 

The opportunity cost of the long leg equals the return of the proceeds from 

the short-salein other words, the two legs finance each other 

If financial markets are efficient, the return on long-short portfolios (that 

is, hedge portfolios) is zero. 
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Today, most finance scholars agree that there is a modicum of inefficiency 

and predictability in financial markets, originating from temporary asset 

mispricing that inevitable and predictably disappears over time 

Convergence trading tries to profit from such asset mispricing 

Unfortunately, convergence trading is no free lunch 

First, there are transaction costs 

Second, there is the risk that asset mispricing might deepen 

temporarily, which poses a liquidity risk 

Third, there is a risk that the convergence trader errs 

There should always be a modicum of doubt about one's own 

beliefs, acknowledging Knightian uncertainty. 

Fourth, there is a problem of asymmetric information between the 

hedge fund manager and investors. 
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The business of convergence trading is often times organized into hedge 

funds 

The term "hedge fund" is a misnomer because the business of hedge 

funds is arbitrage, not hedging 

Note that hedge portfolios are hedged portfolios 

For instance, an investor who goes long on a stock of a given 

CAPM beta and goes short, at the same amount, on another stock 

of an identical CAPM beta, holds a market-neutral portfolio. 

Hedge funds are private, and thus unregulated 

Typically, an investors has to contribute a minimum of $1 million  

Some hedge funds have lock-up periods of one to three years, 

whereas others allow investors to withdraw money with only a few 

weeks' notice. 

Hedge funds typically charge their investors a fixed annual 

"management fee" of one or two percent of assets under management 

plus an "incentive fee" of 15 to 25 percent of the fund's realized annual 

return 

The incentive fee is waived if a particular "hurdle rate" has not been 

achieved, which can be a fixed number or a reference rate such as 

the Treasury-bill rate plus or minus a spread 

Most funds also apply a "high-water mark" provision, which requires 

the fund to make up any past losses before the incentive fee is 

paid. 
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Hedge funds show a very wide dispersion of returns in cross-section (and 

over time) 

The performance of the hedge fund industry is difficult to ascertain 

because of the survivorship bias 

End-of year performance statistics tends to ignore hedge funds that 

went out of business during the calendar year in question. 

Performance evaluations that try to account for the survivorship 

bias find that hedge fund investors should not expect more than the 

risk-free rate of return (after transaction costs and management 

fees)empirical evidence that speaks against the hypothesis of 

market inefficiencies offering a free lunch. 
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A model of convergence trading 

There are three types of agents in the modelall types of agents being 

risk-neutral 

Noise traders have wealth but misperceive the intrinsic value of a given 

financial asset 

Noise traders are unsophisticated investorsinvestors who are unable 

to separate signal from noise (and, consequently, trade frequently) 

If noise traders beliefs are correlated in cross-section, their erroneous 

beliefs are sufficiently powerful to cause deviations of the market from 

intrinsic valuethe Nasdaq and Neuer Markt being cases in point. 

Professional arbitrageurs have no wealth or borrowing capacity but know 

the intrinsic (or "fundamental") value of the financial asset 

Investors have wealth but no insight into the financial asset's intrinsic 

value 

Unlike noise traders, investors know that they cannot recognize the 

asset's intrinsic value. 
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The arbitrageurs must convince wealthy but uninformed investors to entrust 

them with investment capital 

Unfortunately, arbitrageurs cannot prove in advance that they recognize 

the intrinsic values of the assets they claim are mispriced 

Even worse, it is possible that the assets will become even more 

mispriced before reverting eventually to intrinsic value 

In such an event, after having suffered losses, the outside investors 

may demand their money back even though the expected profit of 

staying invested has actually increased. 

The model shows that the existence of professional arbitrageurs 

mitigatesbut cannot eliminatemispricing in the market, regardless of how 

sensitive the outside investors are to arbitrageurs' past performance in 

deciding whether to remain invested with them after suffering losses 

The model also shows that arbitrage dampens the unconditional volatility 

of asset returnsmeasured as the expected value of squared returns 

Critical to the results is the arbitrageurs over time accumulate 

wealthwealth that they invest in the hedge funds because they know the 

intrinsic value of their portfolios. 



F.A. Schmid – Behavioral Finance – October 24, 2002 – Chapter 17 – Page 7 of 26 

Timeline 

 

The asset trades at three moments in time,   ( 1,2,3)t t  

We capture the influence of the noise traders' misperceptions of the 

intrinsic value of the asset at times 1t  and 2t  with the parameters 1S  

and 2S , respectively 

There is no fundamental risk in the model because the price of the 

asset will revert to intrinsic value at a known date ( 3t ) with certainty (so 

3 0S ). 

Although the investment is risk-free from a two-period perspective, 

it is risky from a one-period perspective because the asset 

mispricing might deepen temporarily 

In response to a deepening of the mispricing and the ensuing 

loss of the hedge fund the outside investors might revise their 

beliefs about the arbitrageur's abilities and withdraw money 

precisely when the expected return on the arbitrage is at its 

maximum, terminating their investment with a loss. 
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The underpriced asset in question is a long-short (that is, hedge) portfolio 

Note that going long on a comparatively undervalued asset and going 

short on a comparatively overvalued asset means holding an undervalued 

asset (portfolio). 

We assume that arbitrageurs are highly skilled people who pursue proprietary 

trading strategies and therefore enjoy a monopoly in their segments 

The hedge fund moves the asset prices in the respective market segment 

or, in other words, operates in an imperfectly liquid market. 

For simplicity only, we make the assumption that the operating costs in the 

arbitrage industry are zero 

Also, for simplicity, we set the risk-free rate of return and the marginal 

opportunity cost of capital equal to zero 

The supply of the financial asset is unity 
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Noise traders' demand for the financial asset at time   ( 1,2,3)t t  is 

expressed as 




t
t

t

V S
QN

p
 

where   0   for  1,2tS V t  and 3 0S , tp  is the price of the financial 

asset, and tS  is the misperception of the noise traders about the intrinsic 

value of the financial asset 

Remember that the asset is a long-short portfolio, which must be 

underpriced if the noise traders misperceive the intrinsic value of at least 

one leg of this portfolio 

Without misperception (  0S ), the noise traders would be willing to 

absorb the unit supply of the asset or, in other words, the asset would 

trade at intrinsic value ( tp V ). 

The arbitrageur is compensated in two ways in accord with actual 

practicevia an up-front "management fee" and an after-the-fact 

performance-based "incentive fee" 

At the beginning of each period, he receives a fraction ( )  of the assets 

under management, and at the end of the period he receives the fraction 

( )  of any positive return on the portfolio 

This corresponds to compensation structures in real-world hedge 

funds, where managers typically collect  1 percent or   2  percent 

of the equity capital, plus   20 percent  of any positive return on the 

fund's equity. 

We assume that the arbitrageur invests his entire fee income in the fund. 

This is because the arbitrageur recognizes the profitability of the fund's 

activities. 
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The variable tF  denotes the total financial resources available to the 

arbitrageur at time   ( 1,2,3)t t  

The value of 1F  is exogenous, whereas the quantities 2F  and 3F  are 

determined in the model 

The startup capital, 1F , is provided solely by the investors, whereas the 

arbitrageur acquires the share   in 1F  immediately as part of his 

compensation. 

The arbitrageur acquires additional equity at 2t  in the amount of a fraction 

  of the outsiders' share in 2F  

Furthermore, the arbitrageur acquires equity in the fund through capital 

gains on his equity position and through his share   in the capital 

gains on the outsiders' equity. 

The quantity 3F  is the fund's liquidation value. 

We assume that the fund raises equity capital only at the outset (that is, 

at 1t )an assumption we motivate as follows 

The arbitrageur's compensation depends not only on the return on his own 

equity stake but also on the amount of (and return on) the outsiders' equity 

capital under management 

The arbitrageur therefore might have an incentive to raise fresh capital 

at 2t , particularly if he expected low returns in the second period 

The injection of fresh funds would dilute the fund's existing 

investors' equity stakes. 

Thus, we assumein keeping with typical hedge-fund 

arrangementsthat the fund closes to new and existing investors after 

raising the initial capital. 
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At time 2t , the price of the asset either reverts to V  or it does not 

If the asset price is V  at 2t , the arbitrageur liquidates the fund and holds 

cash until 3t  

If the asset price does not equal V  at 2t , the arbitrageur invests 

aggressivelyalbeit not all of the fund's cashin the underpriced asset 

This second-period investment generates a risk-free return because 

the asset price will rise to V  at 3t  for sure. 

The arbitrageur's (that is, hedge fund's) demand for the asset at the interim 

date, 2t , is given by 

  
2

2 2 2
2

 ,  0
D

QA D F
p

 , 

where 2D  is the amount of the hedge fund's demand in dollars; the 

amount  2 2 0F D  is held in cash. 

Because total demand aggregated across noise traders and the arbitrageur 

must equal the asset supply of one unit (  2 2 1QN QA ), the price of the 

financial asset at 2t  is determined by 

    2 2 2 2 2 ,  0p V S D D S  . 

The condition 2 2D S  implies that the asset still trades at a discount to 

intrinsic value at 2t :  2p V  

This assumption recognizes the arbitrageur's incentive not to bid up 

the price all the way to intrinsic value immediately 

The arbitrageur would forego a positive return on investment in the 

second period. 



F.A. Schmid – Behavioral Finance – October 24, 2002 – Chapter 17 – Page 12 of 26 

With 1D  denoting the amount the arbitrageur invests in the asset at 1t , we 

have 


1

1
1

D
QA

p
 , 

which implies the initial asset price will be 

   1 1 1 1 1 , p V S D D S  . 

The condition 1 1D S  implies 1p V , which again captures the fact that 

the arbitrageur will not bid the price all the way up to the asset's intrinsic 

value due to the incentives built into his compensation schedule 

After all, the asset may become even more underpriced at 2t , in which 

case he will want to increase his investment ("double up"). 

The investors have prior beliefs about the arbitrageur's talent in exploiting 

possible asset mispricing, but are not perfectly informed 

Investors update their beliefs about the arbitrageur's talent using a simple 

Bayesian learning rule, which is based solely on the arbitrageur's past 

performance 

When past returns are poor, investors don't know for sure whether the 

poor returns are due to a random error (noise), a deepening of 

noise-trader misperception (bad luck), or truly inferior investment 

talenta problem of observational equivalence 

Pulling some of their money from the hedge fund after the asset 

mispricing has deepenedthat is, when the expected return on the 

long-short portfolio is highestis the investors' rational response to 

the loss. 
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The investor's rule of updating his beliefs about the arbitrageur's talent implies 

that, if the hedge fund loses money during the first period, the fund faces 

withdrawals at the interim date, 2t  

Specifically, we assume that the withdrawals at 2t  are a multiple of the 

hedge fund's posted gross return (that is, before management fees) at 2t , 

denoted 2R , should this return be negative 

Thus, the supply of funds in the second period is the following: 


             

 
   

1 2 1 2 2

2

1 2 2

(1 ) (1 ) (1 )  , 1,           if  -1 0

(1 ),                                                        if  0

F R F R R
F

F R R

 , 

where   is a parameter that determines the responsiveness of the 

investor to past performance 

For  1, poor first-period returns do not shake the confidence of 

investors in the arbitrageur's talent 

At the other extreme, responsiveness that becomes unboundedly large 

implies that even a small first-period loss is multiplied into a huge 

withdrawal of funds 

Note that the outside investors may withdraw only what is theirs 

This means that, even if the outsiders pull all of their money, the 

arbitrageur's equity stake remains and the fund can stay in 

business 

The arbitrageur knows thatdespite a temporary deepening of 

the mispricingthe price of the asset will revert to intrinsic value 

at 3t  for certain, so he will keep his own money invested, come 

what may. 
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The gross return of the hedge fund in the first period, 2R , is given by 

   



2
1 1 1 1

1
2

1

( )
p

F D D F
p

R
F

 . 

For simplicity, we assume a specific form of uncertainty about noise trader 

sentiment at 2t , 2S  

With probability   1   (0 1)q q , noise traders recognize the true value of 

the asset, which implies 2 0S  

In this case, the arbitrageur liquidates at 2t  and holds cash until 3t  

Then the arbitrageur's assets under management at 3t  would 

amount to 

  
   2 2 20 0 0

13 2 2
(1 )

S S S
F F F R  , 
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On the other hand, noise trader misperception deepens to 2S  with 

probability q ,   2 1 ( 0)S S S  

If noise traders continue to misperceive the intrinsic value of the asset, 

the hedge fund's assets at 3t  will amount to the following: 
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The arbitrageur's total income consists of management fees and capital gains 

on reinvested management fees 

The expected value of the management fees, MF , equals the sum of the 

expected values of the management fees collected at 1t , 1MF , at 2t , 2MF , 

and at 3t , 3MF ; the expected value of the capital gains is CG  

The arbitrageur's maximization problem therefore reads 

  
1 2

1 2 3
,

 { }
D D
Max MF MF MF CG  , 

where management fees are 

 1 1MF F  , 

 
 2 2 0

2 2 2

S S S
MF MF MF , and 


   

       2 2 2 2
3 13 2 2 2

( (1 ) )
S S S S S S S S

MF q R F R MF MF  

and where 
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The quantity 
2

2

S S
MF  represents the income the arbitrageur collects at 2t  

should the noise traders' misperception deepen in the first period, and 

2 0

2

S
MF  is the fee income if the asset reverts to intrinsic value 

The arbitrageur also captures capital gains on the equity he builds from 

the reinvested management fees.  The expected value of the capital 

gains, CG , equals: 

    
          2 2 2 2 2 0

1 12 3 3 2 2
( [1 ] ) (1 )

S S S S S S S S S
CG q R MF R R MF q R MF  . 
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The arbitrageur's choice variables are 1 1( )D F  and 


 2
2 2

( )
S S

D F , which 

are the amounts the arbitrageur invests in the asset at 1t  and 2t , respectively 

Unless the asset reverts to intrinsic value at 2t  ( 2p V ), the 2t -price of 

the asset (see above) is a function of the 2t -choice variable, 2D  

Similarly, the 1t -price of the asset (see above) is a function of the 

1t -choice variable, 1D . 

We solve the maximization problem numerically 

We hold constant all of the following: 

         1 1 21; 0.2; 0.4; 1 0.5; 0.02; 0.2V F S S q q  

Note that  1 1 0.2F S  means that the arbitrageur has sufficient 

buying power to eliminate the 1t -mispricing entirely if so desired 

Also, note that   2 10.4 0.2S S  means that noise trader 

misperception may deepen between 1t  to 2t that is, the asset may 

become even more mispriced 

For the values chosen for 1 2,  S S , and q , noise trader misperception, 

S , is as likely to double as it is to vanish 

Thus, the expected value of noise trader misperception in the 

second period,  2q S , equals the noise trader misperception 

observed in the first period, 1S . 
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We vary  , the responsiveness to past performance of fund withdrawals, 

from  1 (no responsiveness by the investors to past investment 

performance, that is, no withdrawals) to   20  (extreme responsiveness) 

with a unit step length 

The following chart shows the extent to which the hedge fund affects asset 

mispricingthe chart shows that the mispricing is less pronounced in 

each period than it would be without the hedge fund 

 

Remember that, without arbitrage, the first-period price, 1p , and the 

expected value of the second-period price, 2E[ ]p  both would equal 0.8 

(shown as dashed line) 

On the other hand, without noise traders, the asset would trade at 

unit value in both periods (not shown). 
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The hedge fund almost halves the difference between the expected 

value of the second-period price, 2E[ ]p  (shown as solid circles) and 

the asset's intrinsic, unit value 

In fact, the degree of investor responsiveness,   has little bearing 

on 2E[ ]p , which approaches the value of approximately 0.8873 

(shown as a solid horizontal line) as   approaches infinity 

By comparison, the degree of responsiveness has a strong 

impact on the first-period price, 1p  (shown as open boxes) 

This is because the arbitrageur treads cautiously when 

putting on this trade in the first period when he knows that 

the investors penalize negative returns with sizeable 

withdrawals 

In fact, the higher is  , the more cash the arbitrageur 

holds in the first period, and therefore, the lower is 1p . 

As the degree of investor responsiveness,  , goes to infinity, the 

amount the arbitrageur invests in the first period goes to zero and 

consequently, the first-period price, 1p , converges to 0.8the value 

the asset would adopt if there was no hedge fund in the market (shown 

as dashed line) 

Thus we conclude that the hedge fund pushes the price of the 

asset (or its respective expected value) toward the intrinsic, unit 

value in both periods. 
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The following chart shows the unconditional volatility of the asset's returns 

for various degrees of investor responsiveness,   

 

The unconditional volatility is calculated as the expected value of the 

squared returns over the two periods 

For low values of investor responsiveness, volatility increases as   

increases 

For high values of responsiveness, a further increase in   reduces 

volatility monotonically 

As   goes to infinity, volatility approaches a level (as shown by the 

solid line) that is lower than the volatility level at  1 (as indicated 

by the leftmost symbol), which is the benchmark case of 

unwavering investor confidence in the hedge fund manager 
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The reason for the "volatility hump" lies in the existence of two 

opposite effects 

All else equal, the higher   is, the bigger is the drop in the asset's 

price from 1t  to 2t , should the noise traders' misperception deepen 

On the other hand, the higher   is, the lower is the price of the 

asset at 1t  because the arbitrageur puts less money to work 

For low values of investor responsiveness, the volatility-increasing 

effect dominates 

For increasingly higher values of  , this effect becomes 

progressively weaker until it vanishes for an infinitely large 

degree of investor responsiveness. 

It is important to note that the hedge fund greatly reduces asset price 

volatility, regardless of the degree of investor responsiveness 

The unconditional volatility without the hedge fund runs at 0.5694 (not 

shown), which is a multiple of the volatility that we observe even at the 

degree of responsiveness that generates the highest level of volatility 

Thus, we conclude that the hedge fund unambiguously reduces 

unconditional volatility. 
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Another way to look at the impact of arbitrage on volatility is ask how the 

market behaves in the event of a deepening of asset mispricing 

Such an eventif severemight cause, or occur alongside a financial 

crisis 

The following chart shows for the case of a deepening noise trader 

misperception of the asset's intrinsic value the second-period asset 

return as a function of investor responsiveness 
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The absolute value of the percentage asset price decline increases 

with investor responsiveness,   

For an infinitely high value of  , the arbitrageur holds cash in the 

first period and then invests aggressively at 2t , although he does 

not invest all the cash available 

The horizontal line signifies the first-period return for this borderline 

case of an infinite degree of responsiveness 

Note that, without a hedge fund, the first-period return would 

amount to minus 25 percent (not shown), which is more than twice 

as much (in absolute value) as what is observed with even a 

degree of responsiveness of zero 

Hence we conclude that the presence of a hedge fund dampens 

volatility in the event of a deepening of noise trader misperception 

as might occur in a financial panic. 
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Finally, we are interested in the question of how investor responsiveness 

affects the arbitrageur's profit, that is, his incentive to set up a hedge fund 

and engage in arbitrage 

The following chart shows the arbitrageur's profit as a function of   

 

Not surprisingly, the profit of the arbitrageur decreases monotonically 

with increased investor responsiveness to past performance 

Profit approaches a positive limit from above as the degree of 

responsiveness goes to infinity 

The monotonic decline in the profitability of arbitrage with 

increasing investor responsiveness to past performance is a 

manifestation of the fact that liquidating a hedge portfolio when the 

expected return from arbitrage is highest is counterproductivethat 

is, it runs against "the nature of the trade." 
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Theoretical Models 

18. Feedback Strategies (Bubbles) 

Reference: 

Shleifer, Andrei (2000) Inefficient Markets: An Introduction to Behavioral Finance. 

Oxford: Oxford University Press, Ch. 6. 

Previously we looked at underreaction to earnings announcements as a source 

of momentum in stock prices (which generates predictability in stock returns) 

Another possible cause of momentum in stock prices is feedback trading 

In feedback trading, investors initiate trades based on past asset returns 

(rather than signals about the assets’ fundamentals). 

Possible, not mutually exclusive causes for feedback trading 

Extrapolative expectations about prices 

Extrapolative expectations of noise traders might give rise to 

momentum investing (‘opportunistic investing’) by arbitrageurs. 

Stop-loss orders (long or short positions) or margin calls 

Portfolio insurance 

Portfolio insurance was a popular investment strategy prior to the 1987 

stock market crash whereby institutional investors mimicked protective 

puts by continuous selling into falling prices 

Portfolio insurance might lead to cascading prices 

Portfolio insurance not only exacerbated the 1987 stock market 

crash; it proved ineffective because investors tried to sell at a time 

when buyers were hard to find (due to a dearth of liquidity). 
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In the following, we look at the consequences of noise traders having 

extrapolative expectations, which give arbitrageurs an incentive to pursue 

momentum strategies (opportunistic investment strategies) 

Noise traders 

Remember that if the stock price follows a random walk, the sequence of 

the six consecutive daily returns      , , , , ,  is as likely as the sequence 

     , , , , ,  

Noise traders, who do not know the fundamental value of the asset and 

might not understand probability theory, erroneously believe that the 

sequence of positive returns reflects an increase in the asset’s intrinsic 

value 

Noise traders (in this context) are feedback traders; they react to 

past price changes (only), rather than to news that pertain to the 

intrinsic value of the asset 

If noise traders’ erroneous beliefs are correlated, their behavior is 

observationally equivalent to herd behavior, i.e., to behavior that 

follows the principle ‘there is truth in numbers’. 

Arbitrageurs 

Arbitrageurs know the asset’s intrinsic value and anticipate the noise 

traders’ feedback trading 

Arbitrageurs buy the asset in anticipation of the noise traders’ feedback 

rule, which might add to the momentum in the asset price 

Remember that although the arbitrageurs might aggravate a stock market 

bubble, it is the noise traders’ erroneous beliefs that cause it 

In the United States, stocks cannot be shorted on downticks; this measure 

is intended to prevent prices from cascading 

(Downtick is the negative change in price between two subsequent 

trades; Nasdaq: change in bid price.) 
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An example of a bubble in the U.S. stock market is the dotcom bubble 

The figure below shows the Amazon.com stock price (in percent of IPO price; 

weekly close; not total return) since going public on May 15, 1997 

Note the S&P 500 price index at the bottom of the top panel, and the 

rolling (quarterly) earnings per share [$] data in the bottom panel; ‘S’ 

indicates stock splits 

 

Source: http://money.cnn.com. 

In early 1999, the (stock) market capitalization of Amazon.com reached $30 

billion, increasing 20-fold since the beginning of 1998 

Amazon.com lost about $90 million on selling $250 million worth of books 

per quarter over the Internet in 1998 

The (stock) market capitalization of Amazon.com was seven times the 

combined market value of the two largest booksellers in the United States, 

Barnes and Noble and Borders, and 200 times their combined earnings. 
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Given the poor fundamentals of Amazon.com (whose earnings per share kept 

decreasing through early 2001), the run-up in the Amazon.com stock until 

March 2001 is hard to explain by underreaction to news about Amazon’s 

fundamentals 

A better explanation of the price bubble in dotcom stocks (as well as tech 

and telecom stocks) in the late 1990s is feedback trading 

Positive-feedback investors buy securities after prices rise, and sell after 

prices fall. 

History has seen many asset price bubbles, the most significant of which we 

will discuss at the end of this chapter 

Walter Bagehot (1872, Lombard Street, London: Smith, Elder) reports 

“… owners of savings … rush into anything that promises 

speciously, and when they find that these specious investments 

can be disposed of at a high profit, they rush into them more and 

more.  The first taste is for high interest [dividends], but that taste 

soon becomes secondary.  There is a second appetite for large 

gains to be made by selling the principal which is to yield the 

interest.  So long as such sales can be effected the mania 

continues.” 
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Arbitrage funds 

In the chapters on noise trader risk (Limits of Arbitrage I) and on professional 

arbitrage (Limits of Arbitrage II) we took the position that arbitrageurs lean 

against noise trader demand and therefore stabilize prices, though sometimes 

imperfectly 

(The only exception was a situation in the model on professional arbitrage 

where arbitrageurs exacerbated the price decline because they were 

forced to liquidate) 

In the following model with feedback trading, however, arbitrage can 

be destabilizing (in the sense that arbitrage exacerbates the price 

effect of feedback trading). 

George Soros 

George Soros (1997, The Alchemy of Finance, New York: Simon and 

Schuster; 1998, The Crisis of Global Capitalism, New York: Public Affairs.) 

describes his own trading (investment) style as betting on future crowd [herd] 

behavior (as caused by correlated, possibly erroneous beliefs) rather than on 

fundamentals 

Rather than selling short, Soros buys into bubbles early in the game and 

gets out before the bubbles deflates 

Taleb (2001) reports that Sorosas a adherent to Popper’s philosophy 

and unlike many other investorsretains a fair degree of skepticism 

about any investment style as he factors in the possibility of 

falsification 

For instance, it has been argued that one of the reasons for the 

failure of Long-Term Capital Management (LTCM) was that it 

accounted for risk captured by their highly sophisticated models, 

but ignored the risk that the model itself might be wrong. 



F.A. Schmid – Behavioral Finance – January 7, 2002 – Chapter 18 – Page 6 of 28 

Overview on the model 

There are noise traders, arbitrageurs, and ‘passive’ investors 

Like arbitrageurs, passive investors have information about the intrinsic 

value of the asset at period 2, which allows them to buy low and sell high 

Unlike arbitrageurs, however, passive investors do not receive a signal   

about the intrinsic value of the asset in period 1 

When good news about the intrinsic value of the asset arrives … 

… passive investors increase the demand for the asset because of 

improved fundamentals (a higher intrinsic value), which causes the 

price of the asset to rise 

… arbitrageurs increase their demand in anticipation of increased 

demand by feedback traders in response to a price increase in the 

previous period 

After observing the price increase that follows the good news about 

the asset’s intrinsic value, the noise traders increase their demand 

for the asset 

In anticipation of the noise traders’ feedback trading, arbitrageurs 

drive up the asset price beyond intrinsic value 

The increased demand by noise traders keeps the asset price 

above fundamental value even as the arbitrageurs sell out to the 

noise traders. 

As the price of the asset returns to intrinsic value eventually, the noise 

traders sell out 

While arbitrageurs (and passive investors) buy low and sell high, noise 

traders buy high and sell low. 
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The model in detail 

Timeline 

 

Source: Shleifer (2000, p. 159). 

There are four periods (0,1,2,3) and two assets: cash and stock 

Cash is in perfectly elastic supply and offers a zero return 

Stock is in zero supply and might be thought of as bets different types of 

investors make against one another 

The investors consume (and die) in period 3, which means that the 

stock is liquidated in period 3 

In period 3, the stock pays a risky dividend equal to   

The value of   becomes publicly known in period 2, and a signal   

about   is received by the arbitrageurs (and only the arbitrageurs) 

in period 1 

The random variable   takes on the following three values with 

equal probability:  ,0,  (i.e., E ( ) 0  ) 

The value of   becomes (publicly) known in period 3, and is 

normally distributed:  


~ N (0; )2  
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There are three types of investors 

Positive-feedback traders (which are noise traders), denoted f  

Passive (informed) investors, whose demand for the asset in all periods 

depends only on the price relative to its fundamental value 

Informed investors, denoted i , are present in a measure of   

Arbitrageurs who maximize expected utility as a function of period 3 

consumption 

Arbitrageurs, denoted a , are present in a measure of 1   

The total of passive investors and arbitrageurs is held constant to 

derive comparative static results on the effect of changes in the 

number of arbitrageurs, holding constant the risk-bearing capacity 

of the market. 

Period 3 

There is no trading 

Investors pay each other according to the positions they hold in the stock 

and the publicly known dividend   

Because the dividend is known for certain in period 3, arbitrageurs pin 

down the stock price to its fundamental value of   
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Period 2 

The value of   is revealed to the arbitrageurs and passive investors 

Positive-feedback traders’ demand for stock in period 2 is given by 

D p p pf
2 1 0 1( )       

where p1 is the price in period 1, p 0  is the price in period 0 (which is 

set equal to 0), and   0  is the feedback coefficient 

Feedback traders place a market order today in response to a past 

price change 

One way to describe this behavior is that investors react to past 

history of capital gains by raising their estimate of the mean rate of 

return and thus increase their demand. 

Note that no rational investor would hold a positive quantity of stocks in 

period 2 if p2  , because such a portfolio has a negative expected 

return 

In contrast, positive-feedback traders’ demand is invariant to the 

period 2 price. 
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Arbitrageurs choose their period 2 demand, D a
2

, to maximize a 

mean-variance utility function: 

Max D p D p
D

a a

a
2

 {E[ ( )] Var[ ( )]
2 2 2 2            

where  :
2

( 0)
A

 
r

 is the Arrow-Pratt measure of absolute risk 

aversion 

Note that maximizing a mean-variance utility function is equivalent to 

maximizing the certainty equivalent of wealth, which can be written as 

the difference between expected value and risk premium 

Remember that mean-variance analysis is appropriate when returns 

are normally distributed (as they are in the model in question, by 

assumption) or investors’ preferences are quadratic 

H. Levy and H.M. Markovitz (1979, “Approximating Expected Utility 

by a Function of Mean and Variance,” American Economic Review 

69: 308-17) show that mean-variance analysis can be regarded as 

a second-order Taylor-series approximation of standard expected 

utility functions 

The objective function is the certainty equivalent of wealth (which is 

equal to the difference between the expected value and the risk 

premium). 

The optimal demand, which results from the first-order condition of the 

maximization problem above, reads: 

D
p

pa
2

2

2 2
2

( )


 
  




 




 

where   


: 2 ( 0)2     for notational convenience. 
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Passive investors, who differ from arbitrageurs in that they do not receive 

the signal   in period 1, have the following period 2 demand: 

D p Di a
2 2 2

( )      

Remember that arbitrageurs are present in a measure  , and passive 

investors are present in a measure 1  , which means that 

arbitrageurs’ and passive investors’ total demands equal  D a
2

 and 

(1 )
2

  D i , respectively. 

Also, remember that changes in   do not change the risk-bearing 

capacity of the market, which allows us to isolate the consequences of 

introducing arbitrageurs. 

Stability condition 

The model has stable solutions if (and only if)    

The responsiveness of noise traders’ demand to past price 

changes,  , must be smaller than the responsiveness of the 

demand the arbitrageurs’ and passive investors’ demand to current 

price changes,  . 
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Period 1 

Arbitrageurs receive a signal,  , about the expected fundamental value of 

the asset,   (which is the expected value of the dividend payment in 

period 3,  ) 

The signal might be noiseless: 

   implies     with certainty 

… or noisy: 

For   ,   either equals   or 0, with equal probability, which 

implies E[ ]
2

 


 

For    ,   either equals   or 0, with equal probability, which 

implies E[ ]
2

  


 

Arbitrageurs choose their demand D a
1

 to maximize the same 

mean-variance utility function as in period 2 over the distribution they face 

as of period 1 of their certainty-equivalent wealth in period 2 

Passive investors’ demand in period 1 is of the same functional form as in 

period 2 (which means that they buy low and sell high): 

D pi
1 1    

Positive-feedback traders’ demand in period 1 is equal to zero: 

D f
1

0  

Because feedback traders react to past, but not to current price 

change, positive-feedback traders do not trade in period 1. 
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Period 0 

Period 0 is a reference period; no signals are received; the price is set to 

its initial fundamental value of zero (i.e., no one is betting against anyone 

else), and there is no trading 

Because there is no trading, in periods 0 or 3, the market clearing 

conditions are automatically satisfied in those periods 

For periods 1 and 2, the market clearing conditions read, respectively: 

0 (1 )
1 1 1

     D D Df a i   

0 (1 )
2 2 2

     D D Df a i   

Solution with a noiseless (i.e., perfectly informative) signal 

We consider a positive shock (  , as mentioned): 

The (period 1) signal   for it is noiselessimplies     

(expected value of period 3 dividend payment) with certainty. 

As long as arbitrageurs are present in positive measure (  0), their 

trades guarantee the equality of prices in periods 1 and 2 

Arbitrageurs bid up the period 1 price all the way to what the feedback 

traders are willing to pay for the asset based on this very same price 

increase. 

If no arbitrageurs are present (  0), then the period 1 price equals zero, 

for no one has information about the expected period 3 value of     

Thus, we can write: 

p
p

1
2   if 0 

 0    if 0 






RST
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Imposing market clearing in period 2, we obtain after inserting the period 2 

demand functions derived above: 

0 ( ) (1 ) ( )1 2 2                p p p  

      p p1 2( )  

Consequently, we can write: 

p
p

2
1  if 0 

                  if 0 






 



R
S|
T|
 

 


 

 

Because of 


 
 1, the price of the asset is strictly above 

fundamental value (p2   ) in all periods (periods 1 and 2) when 

arbitrageurs are present than when they are absent 

Remember, arbitrageurs are the catalysts of the mispricing, rather 

than the cause 

The case of the mispricing is the positive-feedback trading of 

the noise traders, which the arbitrageurs try to turn into profit. 

The degree of mispricing is independent of the measure   at which 

arbitrageurs are present,   0 

This peculiarity arises from the fact that the period 1 signal about 

 ,  , is noiseless 

For an arbitrageur, the round-trip trade or purchasing in period 1 

and selling in period 2 carries no risk since no uncertainty is 

resolved in period 2 

Even a small measure   of arbitrageurs is consequently 

willing to put on an arbitrarily large position. 
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For the price path when the signal   is noiseless see the figure below 

 

Source: Shleifer (2000, p. 164). 

Solution with a noisy (i.e., imperfectly informative) signal 

We again consider a (possible) positive shock to fundamentals: 

 
RST
    ith prob. 1/ 2   [state A] 

0    ith prob. 1/ 2   [state B] 

w

w
 

The period 2 market clearing condition (conditioned on the state of 

nature), reads: 

0
( )  [state A] 

           [state B] 

1 2A

1 2B


   

  

RST
  

 

p p

p p
 

(1)

(2)
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The period 1 market clearing condition is given by: 

0 (1 )
1 1

     D Da i  

       D pa
1 1(1 )  (3) 

where arbitrageurs’ first-period demand D a
1

 is still to be 

determined. 

Before we determine the arbitrageurs’ first-period demand, D a
1

, we write 

down his expected final (i.e., period 3) wealth as of period 2 for the two 

possible period 2 states of nature 

For any given first-period demand of an arbitrageur, D a
1

, the 

arbitrageur’s expected final (i.e., period 3) wealth as of period 2 in the 

two possible states of nature, A  and B , reads: 

W D p p
pa a

2A 1 2A 1
2A

2

( )
( )

2
   

  
 

  



F
HG

I
KJ 


D p

p
a
1 1

2
1
2

2


 






 

with p p2A 1  



  resulting from the period 2 market clearing 

conditions above; 

W D p p
pa a

2B 1 2B 1
2B

2
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1 1
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2
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with p p p2B 1 2A   



  resulting from the period 2 market 

clearing conditions above 



F.A. Schmid – Behavioral Finance – January 7, 2002 – Chapter 18 – Page 17 of 28 

The first terms of the wealth functions, D p pa
1 2A 1( )   and 

D p pa
1 2B 1( )  , respectively, represent an arbitrageur’s profit from 

selling off to feedback traders in period 2 the position he acquired in 

period 1 

The arbitrageur’s position appreciated from period 1 to period 2 

due to the feedback traders’ period 2 demand. 

The second terms of the wealth functions, 
  ( )

2

2A
2p

 and 

 ( )

2

2B
2p

, respectively, represent an arbitrageur’s profit (producer 

surplus) from supplying the asset in period 2 to feedback traders in 

excess of the arbitrageur’s existing position 

The arbitrageur short-sells the asset, i.e., promises to make the 

dividend payment in period 3, which amounts to  , where   

equals   or 0, with equal probability 

The following figure depicts for state B the ‘producer surplus’ 

from short-selling (shaded area) 
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In period 1, the arbitrageur chooses the first-period demand D a
1

 that 

maximizes the certainty equivalent (i.e., expected value minus risk 

premium) of his expected final wealth: 

Max W W
D a

1

 [E( ) Var( )]2 2   

where E( )
2 2

2 1 1

2
1
2

W D p
p

a  



F
HG

I
KJ 

  






 and 

Var( ) (
2

)2 1
2W D a 


 

The reason why maximizing the period 1 certainty equivalent of 

period 2 expected final wealth is methodologically unproblematic is 

that period 2 profit opportunities (short-selling) are independent of 

decisions made in period 1 or, in other words, period 3 risk is 

immaterial for positions taken in period 1 

From the first-order condition of the maximization problem we 

obtain: 

D

p
a
1

1

2

2

2 (
2

)










  






 


 

 

( ) 2

( )

2A 2B 1

2A 2B
2

p p p

p p
 (4) 

The arbitrageur’s period 2 demand is simply the expected profit 

from holding one unit of the asset from period 1 to period 2, 

  

2
1


p , divided by 2  times the risk of holding this 

position, (
2

) 2
 

Remember that 2  is the arbitrageur’s (absolute) degree of 

risk aversion. 
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Equations (1-4) form a system of four equations in four unknowns (the 

three prices p1,p 2A ,p 2B, and period 1 demand D a
1

); when solved for 

p1, we obtain: 

p1
22 (1 )







    

 


 


   

 

When there are no passive investors (  1), the price p1 reads: 

p1
2

 


 

 
 

Without passive investors, arbitrageurs’ period 1 holdings are 

zero, since there is no one from whom they can buy 

For period 1 holdings to be zero, there must be no expected 

profit opportunity from buying in period 1 and selling in 

period 2.  Hence, the period 1 price is simply the expected 

period 2 price. 

When there are no arbitrageurs (  0), the price p1 equals: 

p1 0  

Without arbitrageurs, no one foresees the period 2 shock to 

fundamentals.  Hence, the period 1 price is zero. 

Remember that 

p p2A 1  



  

p p2B 1 



 

For   0 , i.e., when there is positive-feedback trading, the 

period 2 price, p 2A  or p 2B, always exceeds the period 1 price, 

p1. 
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The figure below shows the effect of arbitrage on the price path when the 

signal is noisy 

 

Source: Shleifer (2000, p. 167). 

In period 1, arbitrageurs bet on   being high in period 2 (   ) and 

drive the period 1 price up above zero 

This in turn raises positive-feedback trader demand in period 2 in 

both states of nature 

The bet on future positive-feedback-trader demand drives the price 

in period 1 above its period 1 fundamental value of 


2
 

In period 2, arbitrageurs unload their positions and sell the asset short 

as positive-feedback demand keeps its price above the fundamental 

value 
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In summary, arbitrageurs buy in period 1, sell and go short in period 2, 

and cover (their shorts) in period 3 

The model shows how arbitrage can destabilize prices 

For   0 (i.e., when there are arbitrageurs in the market), the 

period 2 price is always further away from fundamentals than 

when   0, for, in the latter case, the asset trades at the 

(period 2) intrinsic value   

Remember that without noise traders who engage in 

feedback trading, arbitrage would have no destabilizing 

impact. 

However, if (and only if) 

1 2
1

2



 








  




, the first-period price is 

closer to the first-period intrinsic value, 


2
 , with arbitrageurs 

than without 

For sufficiently low values of  , i.e., for sufficiently small 

measures of arbitrageurs, the first-period price is closer to 


2
 

than without arbitrageurs (in which case the first-period price 

equals zero). 
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Stock market bubbles (manias) 

A stock market bubbleas illustrated in the above modelis characterized 

by a run-up with positively correlated returns, followed by mean reversion 

There is casual evidence for noise trading and smart money responses in 

bubbles, as illustrated by the model discussed above. 

There is a controversy about whether there is something like a stock market 

bubble 

For instance, the price bubble in the theoretical model may be viewed as 

perfectly rational 

All investors use the full set of information available to them at the time 

(albeit not all three types of investors are equally well informed). 

While some finance scholar (for instance Charles Kindleberger, 1978, 

Manias, Panics, and Crashes, New York: Basic Books) view bubbles as 

outburst of irrationality associated with market inefficiency, other scholars 

(for instance, Peter M. Garber, 2000, Famous First Bubbles, Cambridge 

(MA): MIT Press) regard them as perfectly rational market outcomes 

The ‘rational’ approach to bubbles is appealing for its adherence to 

strict academic principles, but its explanations often border on 

tautology. 
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Famous bubbles in history 

 

Source: Shleifer (2000, pp. 170-71). 
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Characteristics of bubbles 

Most price bubbles start with initial good news, which generate substantial 

profits for some investors in an asset 

In the case of the Dutch Tulip (bulb) mania, mosaic viruses produced 

interesting looking tulips which connoisseurs paid high prices for 

The Mississippi bubble was stimulated by expanding trade with the 

New World 

The first British Railway boom arose out of excitement about the new 

means of transportation 

The U.S. stock market boomed in the 1920s as the economy grew for 

several years at a remarkable pace. 

In response to the initial increases in asset prices, smart money 

(arbitrageurs) increases the supply of both the desirable physical assets 

and the claims to them 

To increase the supply of actual assets that are the subject of 

excitement, smart money reproduces tulip bulbs, builds railroads, 

develops land, … 

Smart money also creates financial assets to take advantage of noise 

traders, particularly in the later stages of the bubble as smart money 

tries to sustain the noise trader enthusiasm 

Remember the chapter ‘The Long-Run Performance of IPOs’. 
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Often times, authoritative blessing exacerbates the bubble 

For instance, the Mississippi bubble received official government 

support, and in fact, some of the critics of John Lawthe person that 

run the coffee house network for speculationwere imprisoned 

The famous economist Irving Fisher justified the boom in U.S. equities 

in the 1920s when declaring in the summer of 1929 that “… stock 

prices have reached a new and higher plateau” 

Did Federal Reserve Chairman Alan Greenspan justify the (as of 

December 2001 ongoing) boom in U.S. equities with remarks in the 

July 1997 Monetary Policy Report to the Congress that led to what is 

now called the ‘Fed model’ of stock market valuation? 

For details see the chapter ‘Stock Market Valuation’. 
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Inevitably, bubbles burst 

Bubbles may deflate suddenly (in crashes), or slowly, or both 

Although the U.S. stock market had depreciated by 39.6 percent 

between September 4, 1929, and October 29, 1929 (the day on 

which it fell 11.5 percent), it took the market almost three years to 

bottom out 

 

Source: <http://www.stockpickssystem.com/stock_market_history.htm>. 

By July of 1932 the stock market would hit a low that made the 

1929 crash look like hiccup 

By the summer of 1932 the Dow had lost almost 89% of its 

value, which was well more than 50 percent lower than the 

low of October 29, 1929 

This drop erased almost every gain from the stock market 

since its birth in 1897 

It would take the U.S. stock market about 30 years to make it 

back to the 1929 highs, though most investors would have 

recovered their losses in the 1930’s through dividends. 
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The Nikkei 225 took more than 11 years to descend from its 

December 29, 1989, peak of 38,915.87 (at close) to its (most 

recent) trough of 9,504.41 (at close) on September 17, 2001 

Nikkei 225 Average
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Frequently, bubbles are followed by regulatory changes or even political 

instability 

The South Sea Bubble in England was followed by an 

over-century-long prohibition on the formation of joint stock companies 

without an explicit permission by Parliament 

The collapse of the 1880s Argentine loans bubble brought about a 

coup d’état, not to mention severe restrictions on foreign investment 

The stock market crash of 1929 resulted in the Glass-Steagall Act, the 

Public Utility Holding Company Act, the formation of the SEC 

(Securities and Exchange Commission, http://www.sec.gov) and many 

other regulatory changes of the financial markets. 
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Case Study 

19. Valuation of 3Com and Palm 

Reference: 

Lamont, Owen A., and Richard H. Thaler (2001) “Can the market add and 

subtract? Mispricing in tech stock carve-outs,” Working Paper, University of 

Chicago, http://gsb-www.uchicago.edu/fac/owen.lamont/research/wp.html. 

Lamon and Thaler (2001) study stock carve-outs, which are cases in which a 

parent company floats part of the stock of a yet unlisted, wholly-owned subsidiary 

The authors discuss cases where such equity carve-outs lead to a violation of 

the law of one price 

In an equity carve-out, holders of a share of company A (the parent 

company) are expected to receive x  shares of company B (the subsidiary) 

The authors study a 1998-2000 sample of carve-outs and discover cases 

of P x PA B  , where Pi  is the share price of company i i ( A,B)  

A prominent example involves 3Com and Palm. 

The authors find that arbitrage does not eliminate this blatant mispricing 

due to short sale constraints, i.e., transactions costs of short-selling B are 

prohibitive 

Evidence from options pricing shows that costs of shorting are extremely 

high, thus eliminating arbitrage opportunities. 
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Efficient markets and the law of one price 

In efficient markets, identical assets trade at the same price 

The law of one price is expected to hold in financial markets where 

transactions costs are low and transparency is high 

The driver of the law of one price is arbitrage, whichin its most basic 

manifestationis defined as the simultaneous buying and selling of 

securitized claims on identical cash flow streams for two different prices (as a 

possibly self-financing portfolio) 

Note that this (most basic) form of arbitrage has no fundamental risk as 

the cash flows of the securities are identical 

Noise trader risk exists, that is, mispricing might deepen before the 

relative price of the two securities prices reverts to intrinsic value. 

If efficient markets are defined as markets in which “deviations from the 

extreme version of the efficiency hypothesis are within information and trading 

costs” (Eugene F. Fama, 1991, “Efficient Capital Markets: II,” Journal of 

Finance 46, 1575-1617), a market in which the law of one price is violated 

might still be efficient in the sense that there is no money left on the table 

An example of an efficient market (albeit not in its extreme version) is one 

where a stock might be massively overpriced, yet, since there is no way 

for arbitrageurs to make money, the market might be efficient with grossly 

distorted prices. 
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3Com and Palm 

Palm, which makes handheld computers, was owned by 3Com, a profitable 

company selling computer network systems and services 

On March 2nd, 2000, 3Com sold a fraction of its stake in Palm to the general 

public via an initial public offering (IPO) for Palm shares 

In this equity carve-out, 3Com retained ownership of 95 percent of the Palm 

shares 

3Com announced that, pending an expected IRS (Internal Revenue Service) 

approval, it would eventually spin off its remaining shares of Palm to 3Com’s 

shareholders before the end of the year 

(Note that the spin-off is tax-free both to the parent firm and to its 

shareholders if the parent complies with Internal Revenue Code Section 

355, which requires that the parent, prior to the spin-off, owns at least 80 

percent of the subsidiary) 

3Com shareholders would receive 1.525 shares of Palm for every share of 

3Com they owned 
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Thus, there were two ways an investor could buy Palm: 

The investor could buy, for instance, (roughly) 150 shares of Palm 

directly, or he could buy 100 shares of 3Com, thereby acquiring a 

claim to 150 shares of Palm plus a portion of 3Com’s other assets 

Because the price of 3Com’s shares can never be less than zero 

(due to the put option embedded in stocks) the law of one price 

establishes the following inequality: 

P P3Com Palm1.5   

Since 3Com at the time held more than $10 a share in cash and 

securities in addition to its other profitable business assets, one 

might expect 3Com’s price to be well above 1.5 times the price 

of Palm. 

Clearly, there is uncertainty about 3Com floating the remaining 95 

percent of Palm 

Yet, for those that consider Palm a hot commodity, the 

uncertainty about the remaining 95 percent of the stock is 

immaterial because they can acquire Palm assets simply by 

buying 3Com shares. 
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The day before the Palm IPO (which took place on February 29, 2000), 3Com 

closed at $104.13 per share 

After the first day of trading, Palm closed at $95.06 per share, implying that 

the share price of 3Com should have jumped to at least $145 (using the 

precise ratio of 1.535) 

Instead, 3Com fell to $81.81, implying a ‘stub value’ of 3Com (the implied 

value of 3Com’s non-Palm assets) of minus $23 per share 

In other words, the stock market was saying that the value of 3Com’s 

non-Palm business was minus $22 billion! 

Note that this stark mispricing is hard to explain by information costs, 

since the mispricing took place in a widely publicized IPO that attracted 

frenzied attention 

The mispricing was not only simple in nature, it also was widely 

discussed, including in two articles in the Wall Street Journal and one 

article in the New York Times 

Yet, the mispricing persisted for months! 
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Arbitrage opportunities 

The mispricing of 3Com and Palm relative to each other, created arbitrage 

opportunities 

Remember that there is no fundamental risk (given the negative stub 

value of 3Com) and very little noise trader risk 

As for noise trader risk, remember that when 3Com spins off the 

remaining 95 percent of shares, the relative mispricing goes away, 

that is, noise trader risk vanishes. 

An arbitrageur who buys 100 shares of 3Com and shorts 150 shares of 

Palm is essentially buying the 3Com stub for minus $63 

At the time 3Com spins off the remaining 95 percent of Palm, 3Com’s 

stub value must be at least zero 

There is no fundamental risk because the value of Palm is perfectly 

hedged 

Noise trader risk is of little importance, except if the arbitrageur 

faces the risk of having to close out due to unforeseen liquidity 

needs or because the broker loses the stock. 

Yet, investors were willing to pay over $2.5 billion to buy the (relatively) 

expensive shares of Palm rather than the (relatively) cheap shares of 

Palm embedded in 3Com and get 3Com thrown in! 

The authors show that the arbitrage opportunities could not be 

exploited (and the mispricing consequently could persist) because 

of high costs of shorting shares of Palm 

Note that while short-sale constraints can explain why arbitrage 

worked so poorly, they cannot explain why investors wanted to buy 

the relatively expensive Palm shares (rather than the relatively 

inexpensive 3Com shares) in the first place. 



F.A. Schmid – Behavioral Finance – May 30, 2002 – Chapter 19 – Page 7 of 22 

Time path of stub values 

The authors study a sample of 18 equity carve-outs, which are all those 

carve-outs from April 1996 to August 2000 where the parent company offered 

a definitive time schedule for distribution of the remaining shares 

The authors calculate the stub value at any point in time t , S t , between the 

carve-out and the distribution date (of the remaining shares): 

S P x Pt t
P

t
S   , or in relative terms, s

P x P

P
t

t
P

t
S

t
P


 

 

where the superscripts P S,  stand for the parent firm and the subsidiary, 

respectively 

Calculating the stub value is plagued by uncertainty about the number of 

outstanding shares of the parent company, which might increase over time 

due to convertible debt or stock options 

Thus the authors pursue only cases where they can unambiguously 

identify a negative stub; there are six such cases 

In all but one case the uncertainty about the final ratio, x , caused 

by uncertainty about the number of outstanding shares of the 

parent company, appears to be small. 

The authors’ Figure 3 shows the time path of the 3Com stub, as an example 
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Risk and return in stub values 

The authors study the risk and return characteristics of two investment 

strategies that go long on the parent and short on the subsidiary 

The authors show thaton paperthe investment strategies produce 

high returns with relatively little risk 

As mentioned, the strategies couldat the timenot be implemented 

because of high costs of short-selling, which in turn explains the high 

returns produced on paper. 

In a first strategy (“simple strategy”), an investor shorts the subsidiary and 

uses the proceeds from the short-sale to finance the purchase of shares in 

the parent company 

The portfolio is self-financing, and the exact distribution ratio of x  is not 

important 

The return on the portfolio during any time interval T  equals: 

R R
T
P

T
S  

where R RP S,  are the returns on the stocks of the parent and the 

subsidiary, respectively. 

In a second strategy, (“hedged strategy”) an investor buys one share in 

the parent, shorts x  shares of the subsidiary, and invests the net proceeds 

at the risk-free rate of return, R F  

For the hedge to be perfect, the distribution ratio of x  must be known 

(which the authors assume in their calculations) 

The portfolio is a pure bet on the stub 
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The return on the portfolio for any time interval T  equals: 

1

1 10

0

0





s
R

s

s
R R

T
P

T
F

T
S  

where s
P x P

P

P S

P0
0 0

0


 

 is the stub value as a fraction of the 

parent stock price at the time the portfolio was initiated. 
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The estimation of a CAPM regression and a multi-factor model on either 

investment strategy for the six carve-outs that the authors identified as 

having a negative stub (at some point between the carve-out and the 

spin-off) are shown in the authors’ Table 4 

 

Note the statistical significance of the intercept,  , which is called 

Jensen’s alpha 

Jensen’s alpha reports an abnormal return (i.e., return above and 

beyond what corresponds to an efficient market given the 

risk-return profile of the portfolio) of 10 percent (simple strategy) 

and 9 percent (hedge strategy), respectively 

In other words, the portfolios are located above the securities 

market line, which is at odds with the efficient markets paradigm. 
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A caveat might be in order 

The abnormal returns of the two arbitrage strategies might be an 

artifact of disregarding risk that is not captured by the CAPM or a 

multi-factor model 

There is the risk that the IRS will disapprove a tax-free spin-off, in 

which event the parent company might cancel 

The parent company might cancel the spin-off for other reasons, for 

instance because of a poor performance of the subsidiary’s stock 

following the spin-off (as was the case with Viacom, which canceled 

its Blockbuster spin-off for that reason). 

On the other hand, note that the risk of cancellation is largely 

idiosyncratic and consequently should not be priced (because it can be 

diversified away by pursuing these investment strategies in a large 

number of carve-outs). 
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Short-sale constraints and the law of one price 

Short-selling is an important, albeit imperfect arbitrage mechanism 

Short-selling stock is not the mirror image of buying stocks, for institutional 

and legal reason 

An investor who short-sells stocks sells stocks that he borrowed 

At many exchanges, stocks cannot be shorted on downticks 

Also, following IPO’s (e.g., carve-outs), brokerage houses tend to agree 

not to lend stocks to short-sellers for a certain period of time (e.g., a 

couple of days) 

Short sellers face a liquidity risk 

Short seller might have to cover their shorts if they find themselves on 

the wrong side of the market (stop loss), for instance because they are 

squeezed by large shareholders 

Also, the lender might decide to sell the stock, in which event the 

short-seller has to deliver. 

The cost of shorting is reflected in the interest rate rebate short-sellers 

receive on the short-sale proceeds 

The lender earns interest on the proceeds from the short-sale 

The borrower (short-seller) receives part of this interest income as a 

rebate; the rebate functions as a price that equilibrates supply and 

demand in the securities lending market; the rebate might be negative. 
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The securities lending market (market for borrowing securities for 

short-selling) is fragmented with little transparency 

Parties interested in making a deal (borrowers, lenders) have to search 

for each other 

Stock investors that are most exuberant often have a very short 

average holding period, sometimes as short as a day, which makes it 

difficult to find shares to borrow. 
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The authors’ Table 5 displays the short interest of the six carve-outs that the 

authors have identified as having a negative stub (at some point between the 

carve-out and the spin-off) 

Note that the first column refers to the short interest of the parent 

 



F.A. Schmid – Behavioral Finance – May 30, 2002 – Chapter 19 – Page 15 of 22 

The table shows that … 

… the subsidiary had considerably higher short interest than the parent 

… the short-interest on the subsidiaries built up sluggishly 

Remember the authors’ Figure 3 of thealbeit not 

representativetime path of the stub value of Palm; the figure 

shows that the stub value was lowest at the IPO, then increased 

steadily (albeit not monotonically) over time before turning positive 

on the day of the IRS approval 

At the peak short sales of Palms amounted to 147.6 percent of the 

floating shares; at that time, the stub value of Palm was already 

positive. 

Note that sluggishness in the buildup offers only weak, indirect 

evidence for short-selling constraints. 
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To establish stronger (albeit also indirect) evidence for short-selling 

constraints the authors look for violation of the law of one price between 

shorts and synthetic shorts, the latter consisting of options and lending (or 

borrowing) at the risk-free rate 

By definition, a synthetic short is a portfolio thatfor all possible states of 

natureoffers the same final wealth as the genuine short 

A synthetic short can be constructed by simultaneously … 

… purchasing an at-the-money put and 

… writing an at-the-money call and 

… borrowing (at the risk-free rate) to square the balance. 

The positions must be of the same time to expiration (maturity) as the 

genuine short. 
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The authors’ Table 6 compares the prices of shorts and synthetic shorts for 

three different expiration dates (option expiration dates of May, August and 

November, 2000, respectively); the authors ignore the costs of shorting 
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The stock price of Palm that day runs at $55.25 (4 p.m. ET) 

Selling short one share of Palm fetches $55.25, while doing it synthetically 

in the options market for the March-November holding period, for instance, 

fetches only $39.12 

The percentage deviation amounts to 29 percent, which means that 

the holding costs of short-selling would have to run at 29 percent or an 

annual rate of 147 percent to reconcile the price difference with the law 

of one price 

Given that estimates for the costs of shorting Palm during this time run 

at 30 percent, the authors conclude that there was a violation in the 

law of one price, which was caused by short-selling demand that the 

securities lending market could not meet. 

The table also shows that buying a synthetic long (by simultaneously 

buying a call and writing a put, with the balance financed through 

borrowing at the risk-free rate) is cheaper than buying the actual stock! 
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The strongest evidence for a violation of the law of one price, however, is 

established by the fact thatas shown in the tablethe price of 

(American-style) puts on Palm exceed the price of calls 

For European-style options, the following put-call parity can be established 

(by devising synthetic calls and puts and equating their prices to the prices 

of genuine calls and puts): 

putEuropean   callEuropean stock 
strike price

1 r
 

where r  is the risk-free rate. 

It can be shown that it is never optimal to exercise an American-style 

call on a non-dividend-paying stock (such as Palm) 

Consequently, Palm calls are priced like European-style calls. 
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On the other hand, American-style puts on stocks always are worth 

more than corresponding European-style puts, because the right on 

early exercise is valuable 

At any point in time, the following must hold: 

putEuropean  putAmerican  putEuropean  


 
strike price

1
r

r
 

When inserting (putEuropean  putAmerican  


 
strike price

1
r

r
) into the 

put-call parity for European options, we obtain: 

call   stock 
strike price

1 r
 putAmerican  



strike price

1 r
 

 call   stock   strike price  putAmerican 

Thus the following inequality must hold for exchange-traded 

at-the-money options on Palm (which are American-style): 

call  put 

As shown in the authors’ Table 6 (above), Palm puts were about 

twice as expensive as Palm calls, a clear violation of the law of one 

price. 
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Conclusion 

It takes many white swans to make us belief that all swans are white, but it 

takes only one black swan to destroy this belief 

The fact that there have been instances of blatant violations of the law of 

one price in the stock and options markets casts doubt on rational asset 

pricing 

Clearly, violations of the law of one price do not imply that markets are 

inefficient in the sense of money being on the table; also, there is the joint 

hypothesis problem 

Yet, what is a concept of market efficiency worth that is consistent with 

such blatant mispricing? 
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Growth-Optimal Investing 

20. Stock Market Valuation 

References: 
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The problem of stock market valuation 

The problem of stock market valuation can be broken down into two 

sub-problems 

Valuation of the stock market relative to intrinsic value 

The intrinsic value of the stock market (as measured by an index, such 

as the S&P 500) is the present value of dividend payments plus share 

repurchases, adjusted for stock splits and the like 

The intrinsic value is an ex-ante concept because it pertains to a 

yet unknown stream of payments. 

Valuation of the stock market relative to historical valuations 

Clearly, if the stock market valuation is unbiased, fluctuations around 

the intrinsic value cancel out over time and the two sub-problems are 

identical. 
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Stock market valuation and intrinsic value 

In the chapter “Excessive Stock Market Volatility” we discussed a concept of 

calculating the intrinsic value of the stock market ex post from the realized 

dividend stream, devised by Shiller (1981) 

As the discount rate, Shiller uses the real (i.e., inflation-adjusted) risk-free 

rate, which is an ex-post concept also in that it is calculated from realized 

(rather than expected) inflation rates 

The figure below shows that the stock market, as represented by the 

S&P 500 Stock Price Index, exhibits pronounced swings around its 

intrinsic value 

 

Source: Shiller, Robert J. (1981) “Do Stock Prices Move Too 

Much to be Justified by Subsequent Changes in Dividends?” 

American Economic Review 71, 421-436. 
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Historical stock market valuation 

Given that it is impossible to calculate the intrinsic value of the stock market 

directly, stock market valuation rests largely on historical comparison 

The three most important concepts of stock market valuation are … 

… P/E ratios (price-to-earnings ratio) 

… the market-to-book ratio 

… the “Fed model.” 

P/E ratio (price-to-earnings ratio) 

Published P/E ratios might … 

… be four-quarter trailing P/E ratios 

… might look back three quarters and use an estimate for the current 

quarter 

… be four-quarter forward-looking P/E ratios. 

Also, there are alternative earnings concepts that are used for calculating 

P/E ratios 

Operating earnings (after tax) is net income from on-going operations, 

which excludes non-recurring items, such as extraordinary items, 

earnings from discontinued operations, some special items, and gains 

or losses on sales of assets 

Ordinary earnings (after tax) is net income from continuing operations 

calculated using generally accepted accounting principles (GAAP), 

which includes all current revenue and expenses. 
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Figure: S&P Composite 500, P/E Ratio, 4-Quarter Trailing Earnings 
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Note: Monthly data; first observation: January 1947; last 

observation: September 2001; median value: 14.88; shaded bars 

indicate recession periods.  Source: Haver Analytics. 

Note that the P/E ratio should not be constant 

P/E ratios should (and indeed do) rise when earnings decline (e.g., 

when the economy goes into recession) and should decline when 

earnings improve 

This is because temporary changes in earnings have little 

bearing on the value of an infinitely lived stock market. 
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Market-to-book ratio of equity 

The market-to-book ratio of the corporate sector is typically measured as 

the ratio of market value of equities to financial net worth 

A high market-to-book ratio of the corporate sector (relative to 

historical average) might indicate an increased importance of technical 

and organizational skills that are not reflected on the balance sheet 

Alternatively, a comparatively high market-to-book ratio of the 

corporate sector might be viewed as a sign of excessive valuation. 

The following figure shows the market-to-book ratio of the U.S. corporate 

sector 
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Related to the market-to-book ratio is Tobin’s q 

Tobin’s q is the ratio of the market value of the corporate sector (equity 

plus debt) to the replacement costs of assets 

There is an average and a marginal Tobin’s q 

The corporate sector should expand if the added market value of new 

projects exceeds the costs of the newly employed assets, i.e., if 

marginal Tobin’s q exceeds unity 

Typically, published data on Tobin’s q typically refers to average 

(rather than marginal) Tobin’s q 

For traded companies, the market value of equity can easily be 

measured by the stock market capitalization 

The market value of debtsave traded bondscan be 

approximated by the book value of debt 

The replacement costs of assets, on the other hand, are hard to 

measure. 

Given that Tobin’s q is hard to measure, researchers often use 

the market-to-book ratio of equity as a proxy. 

A high value of Tobin’s qas approximated by the market-to-book 

ratio in the above figuremight be indicative of a very favorable 

investment opportunity, or as a gross overvaluation of the U.S. 

corporate sector. 
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The Fed model rests on the relation between the earnings yield of the stock 

market (index) and the yield to maturity of government bonds 

The Fed model originates from remarks by Fed Chairman Alan Greenspan 

in the July 1997 Monetary Policy Report to the Congress 

(http://www.federalreserve.gov/boarddocs/hh/1997/july/FullReport.pdf) 

One of the strongest proponents of the Fed model (in the business 

world) is Ed Yardeni, http://www.yardeni.com 

The Fed model divides the 12-month forward earnings yield of the 

S&P 500 by the yield of the 10-year Treasury notes 

Stocks are real assets and subject to fundamental risk (which 

means that the price at which they can be sold at retirement is 

uncertain) 

Treasury notes, on the other hand, are nominal assets and are not 

subject to fundamental risk (i.e., their value at the date of maturity is 

known; there is basically no default risk) 

Given the very different nature of the two assets, there is no solid 

theoretical foundation for the Fed model. 

In spite of being used by Chairman Greenspan in a testimony to the 

Congress, the Fed model is by no means an official Federal Reserve 

stock market valuation model. 
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Figure: Stock market valuation using the Fed model 

 

Source: “Asset Valuation and Allocation Models,” February 4, 

2002, p. 7, at http://www.yardeni.com/public/val.pdf, 

ValuationUS Stock Valuation ModelsCurrent Week. 
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Conclusion 

Stock market valuation rests almost entirely upon historical averages 

P/E and MTB ratios on one hand and the Fed model on the other hand, 

arrive at different conclusions about the current stock market valuation 

According to the Fed model, the stock market (S&P 500) is currently 

(early February 2002) trading at around fair value 

Based on P/E ratios, the U.S. stock market appears to be 100 percent 

overvalued 

The conclusions offered by the Fed model can be reconciled with the 

conclusions offered by the P/E ratio approach if a longer time 

perspective is taken (see panel “US earnings yield ratio”) 

In other words, both the Fed model and the P/E ratio approach 

indicate that the U.S. stock market is about 100 percent overvalued 

(as of November 2001) 

 

Source: The Economist, November 22, 2001. 
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Growth-Optimal Investing 

21. Random Walk versus Mean Reversion 
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Stock market investing and retirement 

In the United States, employees have access to a variety of retirement 

savings vehicles, which give their owners the option of investing funds in the 

stock market 

401(k) [or 403(b)], with a $15,000 maximum contribution for the year 2002 

IRA or Roth IRA, each with a $3,000 maximum contribution for the year 

2002 

401(k) [403(b)] contributions are made bimonthly directly from the 

paycheck, while IRA and Roth IRA contributions are typically made once a 

year 

The investment style of committing to a schedule of fixed 

contributionsas practiced in 401(k) [403(b)] plansis called 

dollar-cost averaging 

401(k) [403(b)] plans offer a variety of funds, among them typically a 

stock market (S&P 500) index fund. 

Should the personal investor worry about stock market valuation and try to 

time the market? 

Remember the noise trader from the chapter “Noise Trader Risk (Limits of 

Arbitrage I),” who exhibits the worst possible market timing 

Also, remember the positive feedback trader from the chapter 

“Feedback Strategies (Bubbles),” who buys high and sells low 

There is reason to believe that personal investors attempting to time 

the market wind up with a capital growth rate lower than a strict 

buy-and-hold stock market index portfolio. 
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Are expected (excess) stock market returns predictable? 

As discussed in the chapter “Predictability of Returns,” there is reason to 

believe that there is a modicum of predictability of expected (excess) stock 

market returns 

Note that predictability of expected (excess) returns does not imply 

predictability of actual returns 

In particular, predictability of expected (excess) returns is no violation 

of (at least certain strands of) the efficient market paradigm because 

predictability of expected (excess) returns does not imply that there is 

money on the table 

The day before Federal Reserve Chairman Alan Greenspan talked 

about “irrational exuberance” in the U.S. stock market, 

(http://www.federalreserve.gov/boarddocs/speeches/19961205.htm), the 

Wilshire 5000 Price Indexthe broadest stock U.S. market 

indexstood at 7219.72 (December 4, 1996) 

The index peaked at 14751.64 on March 24, 2000 

An investor who would have shorted the market on Mr. 

Greenspan’s advice most likely would have been broke by the 

time the stock market decline set in. 

Remember that … 

“Markets can remain irrational longer than you remain solvent” 

(John Maynard Keynes) 

Chairman Greenspan might not have had the correct stock 

valuation model. 
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While aggressive investment strategies (e.g., short-selling) might lead to 

financial ruin (as demonstrated in the chapter “Judging Investment 

Strategies”), predictability of expected (excess) returns might allow investors 

to time the market on a multi-year basis 

There are large, multi-year swings in investor sentiment, which manifest 

themselves in high P/E (price-to-earnings) ratios 

 
Source: Shiller (2000, p. 8). 

Note that Shiller’s data are inflation-adjusted 

Critics point out that comparing P/E ratios over long time horizons 

is futile because the sectoral composition of the S&P 500 changes 

over time“as does the economy,” one might counter this 

argument 
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High P/E ratios predict low future returns 

 

Source: Shiller (2000, p. 11). 

Note that the return data plotted in the above figure are obtained 

from rolling ten-year windows and consequently are not 

independent observations. 
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Where is the stock market headed? 

The stock market outlook depends on whether the log stock price index (e.g., 

the log of the S&P 500) follows a random walk, or whether there is mean 

reversion in the stock market 

As mentioned in the chapter “Noise,” stock prices (and stock market indexes, 

for that matter) are modeled as random walks 

Remember that a variable following a random walk can wander off without 

bounds 

The higher the frequency of the stock market data, the closer stock 

prices resemble a random walk. 

For longer time intervals between data points (e.g., weeks, months, years), 

there is evidence for mean reversion in stock returns (see the chapters “Stock 

Market Overreaction”) and stock market index returns (see the chapter 

“Excessive Volatility”) 

Remember that human behavior (e.g., performance, disposition) generally 

shows a great deal of mean reversion 

Mean reversion in the stock market is introduced by investor sentiment 

(excessive optimism and excessive pessimism), and may take many 

years to run its course 

Mean reversion is possible because arbitrageurs are not powerful 

enough to lean against the prevailing investor sentimentdue to the 

limits of arbitrage discussed in the chapters “Noise Trader Risk (Limits 

of Arbitrage I)” and “Professional Arbitrage (Limits of Arbitrage II).” 
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Judged by historical data, the stock market is the growth-optimal investment 

vehicle 

The table below shows inflation-adjusted annualized growth rates of 

capital of a buy-and-hold portfolio (with dividends and capital gains 

reinvested) between the end of 1925 and the end of 2001 for the United 

States 

Buy-and-hold Portfolio Annualized Growth Rate 

1926-2001 (Percent) 

(Value-weighted index of) Large-company stocks 7.43 

(Value-weighted index of) Small-company stocks 9.19 

Long-term corporate bonds 2.63 

Long-term government bonds 2.18 

Intermediate-term government bonds 2.22 

Treasury bills 0.73 

Source: Ibbotson Associates, 2002, Stocks, Bonds, Bills, and 

Inflation. 2002 Yearbook. Chicago: Ibbotson Associates. 

If the stock market follows a random walk, the growth-optimal 

investment strategybased on historical datais to be invested in the 

stock market at all times 

This view was popularized by Jeremy Siegel in his 1994 book 

“Stocks for the Long Run” (2nd ed. 1998). 

Remember from the chapter “Judging Investment Strategies” that 

growth-optimal investment is a survival-oriented concept, which takes due 

account of risk 

On the other hand, if the stock market does not follow a random walk, 

being invested in the stock market at all times need not be 

growth-optimal. 

There is also uncertainty, which is not captured by risk. 
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Stock market uncertainty 

Uncertainty might manifest itself in changes of the data-generating process 

When the data-generating process changes, historical data can no longer 

be relied on 

Ironically, the data-generating process might change because we start 

incorporating historical data into our decision-making 

The feedback of our own decision-making into the data-generating 

processalready discussed in Frank Knight (1921)is known as the 

Lucas critique (see the chapter “Noise”) 

Warren Buffet (2001) reports an interesting case of a change in the 

data-generating process in the stock market 

Similar to Shiller (1981, “Do Stock Prices Move Too Much to Be Justified 

by Subsequent Changes in Dividends?” American Economic Review 71, 

421-36), Buffet distinguishes between periods of (comparatively) high and 

(comparatively) low stock market valuation 

As shown by Shiller (1981), in the early 1920s stock market valuation was 

(comparatively) low, as measured by the inflation-adjusted discounted 

value of future dividends 



F.A. Schmid – Behavioral Finance – March 25, 2002 – Chapter 21 – Page 9 of 12 

The attractive valuation of stocks relative to bonds became a widely held 

belief after Edgar Lawrence Smith in 1924 published a book on stock 

market valuation, titled “Common Stocks as Long Term Investments” 

Smith argued that stocks do not only offer dividends, they also offer 

capital appreciation through retained earnings 

The book, which received a complimentary review by John 

Maynard Keynes in 1925, gave cause to an unprecedented stock 

market appreciation 

The inflation-adjusted average annual growth rate of a 

buy-and-hold investment in large-company stocks at the end of 

1925 amounted to a staggering 32.13 percent at the end of 

1928 

On the other hand, over the next four years, this portfolio 

depreciated at an average annual rate of 22.93 percent, 

inflation-adjusted 

Taken together, over the entire seven-year period the 

inflation-adjusted average annual growth rate of this portfolio 

came to a meager 1.11 percent. 

Buy-and-hold portfolios in the allegedly unattractive long-term 

corporate and government bonds, on the other hand, grew at 

inflation-adjusted average annual rates of 10.18 and 9.83 

percent, respectively! 

We conclude from this episode that learning about the 

data-generating process of the stock market may feed back into 

the process 

As investors’ behavior changes, the behavior of the stock 

market may change also. 
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Another history lesson in the making? 

The following figure charts the stock market capitalization as a percentage 

of GNP 

0

20

40

60

80

100

120

140

160

180

200

1920 1930 1940 1950 1960 1970 1980 1990 2000

 

Note: Quarterly observations; first observation: 1925:4; last observation: 2001:4; 
median: 48.10; sources: Haver Analytics (GNP from 1948:1 to 2001:4), and 
Balke, Nathan S., and Robert J. Gordon (1986) “Appendix B: Historical Data,” in: 
Robert J. Gordon, ed., The American Business Cycle: Continuity and Change, 
Chicago: University of Chicago Press, 781-850 (GNP prior to 1984:1). 

The figure above shows a sharp appreciation of the U.S. stock market 

relative to GNP, starting in 1994 

Remember that in 1994, the first edition of Jeremy Siegel’s “Stocks 

for the Long Run” was published 

Did Jeremy Siegel’s 1994 book have an effect on the American 

public similar to Lawrence Smith’s 1924 book? 
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Mean reversion or dilution? 

If the stock market mean-reverts, above-average growth rates of capital of 

buy-and-hold portfolios are corrected down the road 

If there is mean reversion, past above-average rates of capital growth 

predict low future rates of capital growth, on average. 

On the other hand, if the stock market follows a random walk, past 

above-average capital growth rates are simply diluted as the random 

process unfolds 

If the market follows a random walk, past capital growth rates contain 

no information on future capital growth rates. 

The following figure charts average rates of growth of a buy-and-hold 

portfolio in large-company stocks, inflation-adjusted 

 

Note: Annual observations; first observation: 1926 (growth rate 
since 1925; thin line), 1935 (growth rate over last 10 year, thick 
line); last observation: 2001; source: Ibbotson Associates, 2002, 
Stocks, Bonds, Bills, and Inflation. 2002 Yearbook. Chicago: 
Ibbotson Associates. 

Take your pick between dilution (random walk) and mean reversion! 
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