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Abstract 

This dissertation analyses limits to arbitrage in equity markets. Chapter 2, 

Limits to Arbitrage: A Survey of Theory and Evidence, provides a survey of the 

existing literature. In contrast to efficient markets theory, limits to arbitrage theory 

argues that the bounds imposed on prices by the forces of rational speculation can be 

rather wide, due to the risks and costs faced by arbitrageurs in imperfect capital 

markets. I discuss and structure recent theoretical and empirical developments in this 

field. 

Chapter 3, Hedge Funds and the Technology Bubble, (co-authored with 

Markus K. Brunnen-neier) examines the behavior of sophisticated speculators (hedge 

funds) during the Technology Bubble 1998-2000. We find that the portfolios of hedge 

funds were heavily tilted towards (overpriced) technology stocks while the bubble was 

growing. This does not seem to be the result of unawareness of the bubble: At an 

individual stock level, hedge funds reduced their holdings before prices collapsed. Our 

findings are consistent with models in which rational investors can find it optimal to 

ride bubbles because of predictable investor sentiment and limits to arbitrage. 

In Chapter 4, Short Sales, Institutional Investors, and the Book-to-Market 

Effect, I investigate whether the book-to-market (B/1\4) anomaly persists in the 
11 

presence of sophisticated arbitrageurs because of short-sale constraints. Using 

institutional ownership and large stock lender ownership as proxies for the abundance 

of stock loan supply, I show that the B/M effect is driven by underperfonnance of 

difficult-to-short low B/M stocks. Moreover, return predictability effects attributed to 

short-sale constraints in prior research (breadth of ownership effect; loser momentum) 
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are most evident among stocks with low B/M and low institutional ownership, 

consistent with a common short-sale constraints explanation for these effects. 

Overall, this thesis shows that an analysis of incentives and constraints faced 

by sophisticated speculators delivers important insights into financial market 

phenomena. 
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Chapter I 

Introduction 

Traditional finance theory assumes that prices in financial markets reflect the 

expectations of rational investors. To justify this assumption, financial economists 

usually appeal to the fact that there are some highly sophisticated and well-capitalized 

professional participants in financial markets. Broadly speaking, if there is any 

mispricing, these "arbitrageurs" should quickly seize this opportunity and thereby 

eliminate it. While this argument clearly has some intuitive appeal, recent work on the 

"limits to arbitrage" has challenged the notion that sophisticated profit-seeking 

investors would always rapidly eliminate mispricing. This literature argues that 

imperfections in financial markets may prevent arbitrageurs from perfon-ning this role. 

As a consequence, it is possible that the expectations of irrational or boundedly 

rational investors affect prices. Hence, prices may deviate from "fundamental value". 

The implications of this insight are twofold. On the one hand, it suggests that 

theory may benefit from a better understanding of unsophisticated and irrational 

financial market participants. Behavioral finance theorists attempt to model their 

behavior explicitly. ' On the other hand, it points to the importance of analysing more 

precisely the imperfections and constraints that arbitrageurs are faced with. In this 

dissertation, I address the latter question. In particular, I provide empirical evidence on 

some important unresolved issues in this field. 

In Chapter 2,1 provide a survey of the limits to arbitrage literature. There have 

been many recent theoretical developments and empirical findings in this area, but 

' Recent work on this front is surveyed in Barberis and Thaler (2002). 
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they have not been comprehensively surveyed elsewhere. I start by briefly reviewing 

the arguments that are commonly invoked to justify the assumption of rational pricing. 

Existing work shows that preference-free approaches based on the absence of 

(riskless) arbitrage are unlikely to provide useful restrictions equity prices. This 

implies that it is crucial to understand the preferences of arbitrageurs and the 

institutional settings in which they operate. As the survey shows, some progress has 

been made in modelling the behavior of arbitrageurs. There is now also a sizeable 

body of empirical evidence on instances of clear mispricing, the risks involved in 

risky real-world arbitrage, and the behavior of financial market participants. Many 

questions, however, remain open. The subsequent chapters of this dissertation address 

two of these open questions. 

Chapter 3 considers the possibility that sophisticated professional investors 

may opt to follow price-destabilizing strategies. Such behavior would be in contrast to 

efficient markets theory, where sophisticated investors are assumed to stabilize prices 

by trading against mispricing. Existing theoretical work shows conditions under which 

destabilizing strategies may be optimal for rational investors, but there is yet little 

empirical evidence to support or reject these conjectures. Chapter 3 contributes to this 

literature by investigating the behavior of hedge funds during the Technology Bubble 

from 1998 to 2000. 

As a recent analysis by Ofek and Richardson (2002) suggests, valuation levels 

dunng this penod reached levels that are hard to justify on fundamental grounds. The 

Technology Bubble is exceptional in the sense that the researcher can have some 

confidence that a rational informed investor would have concluded ex-ante that these 

stocks must be overpriced. This is much less clear in many other historical instances 

when asset prices had reached high valuation levels followed by subsequent collapse. 
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As Chapter 3 shows, however, the portfolios of hedge funds were heavily tilted 

towards (overpriced) technology stocks. As a class of investors, hedge funds probably 

come closest to the ideal of "rational arbitrageurs" in the theory of financial markets. 

The fact that these highly sophisticated investors chose to ride the bubble is 

remarkable. Importantly, their behavior does not seem to be the result of unawareness 

of the bubble: At an individual stock level, hedge funds reduced their exposure before 

prices collapsed, and their technology stock holdings outperfom-ied characteristics- 

matched benchmarks. Taken together, these findings do not conform to the efficient 

markets view of rational speculation, but they are consistent with models in which 

rational investors can find it optimal to ride bubbles. In particular, the outperformance 

of hedge funds during this period may be a result of predictable investor sentiment, 

which is commonly a feature of models of destabilizing speculation. Also, the fact that 

hedge funds held overpriced stocks for most part of the bubble period suggests that it 

cannot be simply short-sale constraints or other frictions that prevented them from 

exerting a corrective force on prices. To understand why the Technology Bubble 

occurred, it seems crucial to understand incentives to follow destabilizing strategies. 

Chapter 4 investigates whether short-sale constraints--one particular fonn of 

limits to arbitrage-may help to understand the book-to-market (B/M) anomaly in 

stock returns. Stocks that are costly to short may be overpriced, because arbitrageurs 

are prevented from trading against this overpricing. Unfortunately, panel data on 

short-sale costs and the supply of stocks available for shorting (via stock loans) are not 

available for sufficiently long time periods to allow a direct test of these Implications. 

However, recent evidence by D'Avolio (2002a) shows that institutional ownership, 

and in particular ownership by large index funds, is the main determinant of stock 
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loan supply. When institutional ownership is low, stock loan supply tends to be 

sparse, and short-sale constraints are thus more likely to bind. 

I show that the B/M effect is concentrated among such difficult-to- short 

stocks. Holding size fixed, returns of low B/M stocks decline sharply with lower 

institutional ownership, consistent with the view that they are overpriced when short- 

sale constraints are more likely to bind. This is further supported by the finding that 

low B/M stocks show less pronounced underperfonnance when they are held by 

passive investors with large stock lending programs. Finally, I also find that other 

return predictability effects that prior research has attributed to short-sale constraints 

(breadth of ownership effect; loser momentum) are most evident among stocks with 

low B/1\4 and low institutional ownership. This is consistent with short-sale 

constraints being most likely to bind among low B/M stocks with low institutional 

ownership. 
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Chapter 2 

Limits to Arbitrage: A Survey of Theory and Evidence 

2.1 Introduction 

The notion that rational speculative activity keeps prices of financial assets 

close to their fundamental value is a central tenet of the modem neoclassical theory of 

finance. Broadly speaking, prices should equal expected cash flows discounted by an 

appropriate risk-adjusted discount rate. This conjecture is also known as the "Efficient 
'r- 

Market Hypothesis" (Fama 1970). 2 Standard models of financial markets, for 

example, equilibrium models such as the Sharpe (1964)-Lintner (1965) CAPM or 

representative agent models in the tradition of Lucas (1978) assume that asset prices 

reflect the expectations of rational investors. Of course, only few financial economists 

would argue that all financial market participants are rational. Models that assume 

rational pricing of financial securities usually rest instead on the implicit assumption 

that the marginal investor is sophisticated, well-capitalized and rational. 

Real-world financial markets are populated by heterogeneous investors. Some 

may indeed be highly sophisticated, rational, and constantly on the search for 

opportunities to exploit mispricings. In what follows I refer to this class of traders as 

rational speculators or arbitrageurs. However, others may be boundedly rational, 

relying on limited information-processing capacity and simple rules of thumb, some 

may exhibit behavioral biases. Others may be perfectly rational, but have the urgent 

2 What exactly constitutes fundamental value is not clear without further assumptions. Among other 
things, it depends on investors priors (Harrison and Kreps 1978), on the information set of *investors and 
the extent to which this information is "produced" and incorporated into prices (e. g., Grossman and 
Stiglitz 1980). See Brunnermeier (2001) for a survey of this literature. In the following discussion, I 
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need to trade for allocative reasons. In the following I refer to all investors whose 

trades are not based on infonnation, or based on wrongly interpreted infonnation, as 

noise traders. 3 Traditional finance theory argues that noise traders have negligible 

effects on prices. 

The classic argument for ruling out deviations from fundamental value dates 

back to Friedman (1953) and Fama (1965). They argue that rational investors are 

constantly on the search for mispricing. Hence, any deviations from fundamental 

value should quickly disappear as rational traders rush to exploit the opportunity. The 

sweeping power of this argument is striking. Modem finance owes much of its 

elegance and rigour to it. Market efficiency greatly simplifies things, because it means 

that many rather complicated aspects of investor behavior and the institutional 

envirom-nent can be safely ignored, because they are irrelevant for the pricing of assets 

in financial markets. Irrationality or bounded rationality of investors does not matter, 

because prices are set as if all investors were rational. Similarly, agency problems 

between individual investors and their portfolio managers and other institutional 

aspects are of limited interest in neoclassical asset pricing, because they should not 

influence prices. 

For a long time, financial economists were quite confident that this assumption 

provided a reasonably good approximation of reality. As a consequence then, little 

attention has been paid, theoretically and empirically, to how arbitrageurs perform this 

function in reality. Recently however, theoretical and empirical work on "limits to 

arbitrage" has begun to challenge this claim. This literature argues that noise traders 

abstract from these issues and assume that rational investors mutually agree what the "right" price 
should be. 
3 Note however that this naming convention does not imply that their demand should be "noise" in the 
sense of being unpredictable. 
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can have significant and persistent impact on prices, despite the presence of rational 

arbitrageurs. 

This chapter presents a survey of this work. In order to structure the lines of 

reasoning followed in this literature, I begin by working out in more detail the 

arguments that underlie the efficient markets hypothesis. The central question there is 

what kind of payoff patterns one would not expect to find in a market where rational 

speculators search for and trade against mispricing. One can think of various kinds of 

"opportunities" that one might expect rational investors to exploit and eliminate. One 

approach is to rule out "arbitrage", which means a riskless profit at no cost, i. e. a "free 

lunch". A more restrictive assumption is that rational investors would also eliminate 

"good deals", which are trades that are risky, but where the reward per unit of risk is 

relatively high. Finally, the strongest assumptions are made in models that assume 

prices to equal fundamental value, irrespective of the circumstances arbitrageurs 

operate in. I then survey the theory on limits to arbitrage. Models in this literature 

show that a variety of costs and constraints can make arbitrageurs reluctant to exploit 

mispricing "opportunities". Sometimes it can even be optimal for them to walk away 

from an arbitrage opportunity. In other cases, there are reasons to expect them to 

demand a risk premium. There is also a growing body of empirical evidence on these 

issues. I categorize this evidence into two classes. First, there are studies that 

document cases of mispricing, and the nsk involved in strategies aimed at exploiting 

them. Second, there are studies that examine whether investor behavior is consistent 

with the assumptions limits to arbitrage models are based on. 

Before I proceed, a remark on transaction costs. Market efficiency is often 

defined as the absence of opportunities to eam abnormal returns after transaction 

costs. An efficient market according to Farna (1991) is one in which "deviations from 
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the extreme version of the efficiency hypothesis are within information and trading 

costs". Hence, there can be m1spricIng, but as long as it does not give rise to a trading 

strategy with positive abnormal returns net of transaction costs, the market is seen as 

efficient. In this survey, I do not follow this view. The main issue of economic interest 

is whether the price is "right", not whether some investors can or cannot profit from 

mispricing. For example, if prices deviate from fundamental value, the capital 

allocation function of financial markets may be distorted, even if this mispricing is 

within transaction cost bounds. The central interest of the limits to arbitrage literature 

is to work out the conditions under which rational speculation forces prices to be close 

to fundamental value, and the conditions under which that may fail to be the case. 

Transaction costs are just one reason among others why arbitrageurs may not be able 

to enforce accurate pricing. 

2.2 Rational Speculation and Bounds on Mispricing 

To understand the limits to arbitrage approach, it is useful to outline first the 

arguments that modem neoclassical finance has developed to support rational pricing 

theories. 

2.2.1 Arbitrage Bounds. 

Many pricing theories start by postulating the absence of arbitrage 

opportunities. An arbitrage in its textbook definition is a trading strategy that costs 

nothing today, has a positive payoff in all future states, and a strictly positive payoff in 

at least one of them. No-arbitrage implies the law of one price: assets that offer the 

same payoffs should trade at the same price (see, e. g., Cochrane 2001). Otherwise, 
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investors could enter into an arbitrage trade, taking a long position in the security with 

the lower price, and taking a short position in the higher priced security, thereby 

earning a safe payoff that would violate the no-arbitrage condition. In some cases, the 

payoffs of a security can also be replicated synthetically by dynamic trading. For 

example, the payoffs of an option can be replicated by dynamically trading the 

underlying stock (Black and Scholes 1973; Merton 1973). In that case, arbitrage 

bounds restrict relative prices even if no substitute asset exists. 

The appeal of this approach is that it makes very little economic assumptions 

ýU about the behavior of agents, other than that rational investors would rush to exploit 

arbitrage opportunities and hence eliminate them. The cost of this parsimony with 

respect to economic restrictions is, however, that no-arbitrage says relatively little 

n1k about the prices of securities that cannot be perfectly hedged with substitute assets or 

dynamic trading strategies. For example, without further assumptions, the theory is 

not of much use in pricing of stocks, which commonly do not have close substitutes. 

In principle, however, this does not mean that attempts at arbitrage pricing of 

stocks are doomed. One avenue to get tighter restrictions on asset prices is to make 

further assumptions about the structure of the underlying economy. The Arbitrage 

Pricing Theory (APT) of Ross (1976) is based on additional assumptions about the 

structure of asset returns and the number of assets. Specifically, Ross assumes that 

returns have a factor structure and that there is an infinite sequence of asset returns. 

This leads to a diversification argument. Suppose some assets are mispriced relative to 

the factors. An arbitrageur could then forin a well-diversified arbitrage portfolio of 

mispriced assets. In the limit, as the number of assets goes to infinity, all variation in 

portfolio returns would be explained by the factors. Consequently, the idiosyncratic 

risk in the arbitrage portfolio would tend to zero. The remaining factor risk could be 
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hedged with factor portfolios. This means that the arbitrageur could earn a riskless 

profit. Absence of arbitrage would then clearly rule out such m1spricings. 

Yet, without additional assumptions there is still little predictive content in the 

APT. First, the above argument applies only to well-diversified arbitrage portfolios, 

where, by the law of large numbers, the variance explained by the factors approaches 

100% in the limit. This implies that the average mispricing across all assets should be 

"small". But it does not rule out "large" mispricings for a few assets. In that case, the 

arbitrage portfolio would invariably be exposed to some idiosyncratic risk. Hence, 

there would not be any arbitrage despite mispricing. This point was noted, for 

example, by Shanken (1982). Second, the theory has little to say about mispricing that 

is systematic. Suppose all assets with a positive loading on a "GDP" factor are 

overpriced (perhaps because some investors are too optimistic about future GDP). In 

that case, the arbitrage portfolio would invariably load negatively on this systematic 

risk factor. Similarly, if there is market-wide mispricing because the trading of some 

noise traders pushed up prices of all stocks across the board, there is no arbitrage, no 

matter how large the overpricing is. Hence, arbitrage bounds do not pin down the 

price level of the entire stock market or large market sectors. Third, in reality, the 

number of assets is finite. Shanken (1982) points out that in this case, arbitrageurs 

always have to bear some idiosyncratic risk as the share of variance explained by the 

factors never reaches 100%. Therefore, arbitrage bounds do not yield useful 

restrictions on prices of non-redundant assets that do not have perfect substitutes. 

Taken together, these arguments underscore that if rational investors were to exploit 

only riskless arbitrage opportunities, but not other forins of mispricing, the deviations 

from fundamental values could be immense. 
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2.2.2 Good Deal Bounds 

In response to these difficulties of getting tight restrictions on asset prices from 

no-arbitrage bounds, other researchers have investigated models in which "good 

deals" are ruled out. "Good deals" need not be arbitrage opportunities, but they are 

trades that offer a relatively high return relative to the risk they involve. It seems 

plausible that rational investors would take advantage not only of arbitrage 

opportunities, but also of good deals and thereby eliminate them. Of course, what 

precisely constitutes a "good deal" depends on preferences. Hence, compared with 

arbitrage bounds, good deal-bounds require more restrictive assumptions on 

preferences. 

In his original derivation of the APT, Ross (1976) suggested to bound 

deviations from exact factor pricing when the number of assets in the economy is 

finite by setting a limit for the maximum Sharpe ratio (mean divided by standard 

deviation of excess returns) achievable by any trading strategy. Shanken (1992) refers 

to such high Sharpe ratio opportunities as "approximate arbitrage". Ledoit (1995) 

proposes the tenn "risk arbitrage". Cochrane and Saa-Requejo (1999) use the terin 

""good deals" and develop an asset pricing theory based on the absence of good deals. 

Bounds on Sharpe ratios, however, are not the only possible way to get good 

deal bounds. Bernardo and Ledoit (2000) rule out zero-cost investments with gain-loss 

ratios above a certain threshold (under risk neutral probabilities). In their setting, the 

gain (loss) is the expectation of the positive (negative) part of the investment's payoff 

under risk-neutral probabilities. They call investments that violate these bounds 

"approximate arbitrage opportunities". Bondarenko (2002) proposes pricing bounds 

that rule "statistical arbitrage opportunities". These are investments for which the 

expected payoff is strictly positive and the conditional expected payoff in each final 
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state is positive. This means that there can be paths leading to a final state for which 

the payoff is negative, as long the conditional expected payoff in that state is positive. 

These approaches have not been developed yet into a coherent asset pricing 

theory. However, they all share the common intuition that perfect substitutes may not 

be available, hence mispricing may occur, but the extent of the mispricing should not 

be so large as to offer a "good deal". The central question then is how wide these good 

deal bounds on prices should be expected to be. Much of the limits to arbitrage 

literature addresses precisely this point. 

2.2.3 Rational Expectations Equilibrium Pricing 

The most radical view is that the actions of noise traders do not matter at all 

and prices are set as if every investor were rational. As the previous discussion has 

shown, it is far from self-evident that mispricing relative to the rational benchmark 

would create something close to a "free lunch" that rational investors would rush to 

exploit and eliminate. Yet, despite these issues, there could be conditions under which 

rational pricing would nevertheless prevail. 

One reason could be that the trades of a large number of small noise traders 

simply tends to cancel out by the law of large numbers. The requirement here is that 

trades are uncorrelated across individual noise traders. Deviations from rational 

pricing could also be small if arbitrageurs have a high risk tolerance, are well- 

capitalized, and have long horizons. In that case, they would be happy to take large 

positions in risky trades that offer only moderate Sharpe ratios (or a moderate risk- 

reward relationship by other measures), and hold their position until the mispricing 

disappears. Clearly, these assumptions are stronger than just absence of arbitrage or 
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the absence of good deals. They warrant closer theoretical and empirical scrutiny. 

Their validity is certainly not self-evident a priori. 

2.3 Limits to Arbitrage: Theory 

The assumption that there exist sophisticated investors in financial markets 

that are constantly on the search for opportunities for abnormal returns is certainly 

unquestionable. However, as the preceding discussion has shown, this fact alone, 

without more specific assumptions on the preferences of rational speculators, often 

does not yield useful predictions. Therefore, in order to predict the extent to which 

noise traders may influence prices, it is essential to understand how arbitrageurs 

behave. In other words, it is crucial to investigate their preferences and the 

institutional envirom-nent in which they operate. To analyze these issues, the limits to 

arbitrage literature draws on insights from both portfolio choice theory and corporate 

finance. Topics that are commonly in the domain of corporate finance such as agency 

problems and external financing constraints play an important role. 

2.3.1 Implementation Costs 

Frictions are the most obvious impediment to rational speculative activity. 

Trading costs are one consequence of frictions. Mispricings may not lead to arbitrage 

activity if an arbitrage trade aimed at exploiting the mispricing is not profitable after 

taking into account commissions, bid-ask spread, and price impact incurred by the 

arbitrageur. In a simple model with transaction costs, arbitrageurs would follow all-or- 

nothing policies (Dumas and Luciano 1989; Hodges and Neuberger 1989). When the 

trading cost does not allow a profitable trade, they do not enter a position. When the 
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trade is profitable, they invest. One of the predictions of a simple model of arbitrage 

under trading costs would be that misPricings should be more common among illiquid 

stocks for which trading costs are larger than among highly liquid stocks. 

In addition to trading costs, however, an arbitrageur may also have to bear 

holding costs, sometimes also called a cost-of-carry. Real-world arbitrage requires 

capital and capital is costly. Holding costs include, for example, differences between 

borrowing rates and rates earned on collateral deposits, and short-selling costs. 

Tuck. man and Vila (1992) show that holding costs can prevent arbitrageurs from 

eliminating mispricing. They consider the investment problem of an arbitrageur faced 

with holding costs. In their model, mispricings that would represent riskless arbitrage 

opportunities in a frictionless market may become risky once transaction costs are 

introduced. The risk arises because the arbitrageur is not sure until when the 

mispricing will disappear (even though it does so eventually at a tenninal date known 

to the arbitrageur) and hence, how much holding cost will accrue. As a result, risk 

averse arbitrageurs trade less aggressively when holding costs are high relative to the 

magnitude of mispricing and the time until convergence. Hence, in the presence of 

significant holding costs, arbitrage bounds do not prescribe tight bounds for prices. 

This is true especially for assets that do not have a known date of maturity and 

therefore require potentially long holding periods until the mispricing disappears and 

the arbitrage trade pays off 

Short-sales costs may be among the most important holding costs. Short-sale 

related frictions are often summarized under the term "short-sale constraints". 

Establishing a short position requires more complicated dealings than entering a 

position on the long side does. To sell short a security, the speculator has to borrow it 

first from some other investor holding a long position who is willing to lend. In equity 
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markets, this is done through stock lending transactions. In fixed-income markets, the 

short-seller would enter a reverse repurchase agreement (reverse repo), buying the 

bond now and selling it outright, and promising to sell back the bond at a future date. 

The borrower of stocks places collateral (typically cash) with the lender, receiving 

interest at the "rebate rate". The short-seller of bonds faces a difference between sale 

price and repurchase price, which is known as the "repo rate". When the supply of 

lendable securities is plentiful, rebate rates and repo rates are usually close to the risk- 

free interest rate. In this case, short-sales can be conducted at little cost. 

However, sometimes loan supply is not sufficient to satisfy demand at a rebate 

rate equal to the risk-free rate, and therefore the rebate rate has to decline to bring 

supply and demand into balance. The security is then said to be trading on "special" 

and short selling is costly because the differential between the risk-free rate and the 

rebate rate implies a lending fee. Several recent papers show how both specialness and 

deviations of prices from fundamental value can arise endogenously. Duffie, 

Garleanu, and Pedersen (2002) show that specialness can arise from search frictions. 

In their model, it takes time for lenders and borrowers to find each other, leading to 

specialness that decays over time. Specialness can also arise because not all investors 

are participating in securities lending. Stock loans, for example, originate almost 

exclusively from institutional portfolios, but not from holdings of individual investors. 

Duffle (1996) and Krishnamurty (2002) show that with limited stock lending, short- 

sale constraints may be binding for arbitrageurs, and the non-lending investors may 

become the marginal investor. This is perhaps one of the most intriguing aspects of 

short-sales constraints: By not lending fTom their portfolios, non-lending investors 

may effectively immunize the mispricing they cause from short-selling activity of 

arbitrageurs. This can be seen by considering an extreme case in which the entire float 
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of a stock is held by exuberant investors that do not lend. In this case, short-selling is 

simply impossible. When short-sale constraints bind, behavioral biases, preferences 

for liquidity, or other non-fundamental factors driving the asset demands of non- 

lending investors may affect prices. 

In less extreme cases of specialness, short-selling may be possible, but the 

arbitrage trade involves some holding costs due to the low rebate rate earned on the 

collateral. In addition to this direct cost, short-selling may also involve some specific 

risks (see, e. g., D'Avolio 2002a). Security loans may be recalled, requiring the 

borrower to establish another loan or to buy the stock in the cash market. In some 

cases, this may lead to a "short squeeze" if these actions have to be undertaken at 

unfavorable terms from the perspective of the short-seller. Short-selling also differs 

from long-investing in that losses are-at least in principle-unbounded, which may 

also make arbitrageurs more cautious when entering trades on the short side. 

This section has focused on the direct effects of frictions on the investment 

decisions of arbitrageurs. However, in addition to these direct effects, the costs caused 

by frictions are also an important ingredient in more elaborate models of limits to 

arbitrage. For example, many of the models discussed in the following sections feature 

some kind of holding costs of arbitrage trades. As discussed above, short-selling costs 

are one plausible way to motivate them. In these models, however, the interest centers 

not on the direct effect of holding costs, but on other distortions they can cause (e. g. 

short horizons). Therefore, frictions can be important impediments to arbitrage 

activity, even if the direct effects seem small. 

Moreover , implementation costs arise not only when entering and holding 

trades, but also in the forin of fixed costs (Merton 1987). First, arbitrageurs need to 

spend time and effort to learn about mispricing, to assess the returns and risks that 
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attempts to exploit it would involve, and to raise capital. Opportunities to earn 

, 111% czunorrnal returns may therefore persist until sufficiently many arbitrageurs have 

learned about the mispricing, are convinced about its nature, and have raised funds to 

implement a trading strategy. Second, there are fixed costs for setting up shop and 

developing trading strategies. 

These fixed costs may be a determinant of the level of abnon-nal returns that is 

required to support a given number of arbitrageurs. This is particularly relevant for 

specialized arbitrageurs when opportunities may arrive clustered in time. As in 

Grossman and Miller (1988), the opportunity costs of maintaining presence in the 

market may determine the supply of arbitrage capital, and abnormal retums clustered 

in time may be traded off against the fixed costs to be borne in "quiet" periods. 

2.3.2 Fundamental Risk 

Mispricing would only give rise to arbitrage opportunities, if the mispriced 

security's payoffs can be replicated perfectly with a portfolio of substitute assets. Only 

then are convergence trades riskless. In many situations, however, one would not 

expect to be able to carry out such perfect replications. This is most obvious when 

mispricing affects a large segment of the market or even the entire market. In that case 

there is clearly no arbitrage opportunity. Any attempt to trade against market-wide 

mispricing invariably means taking on market risk. Campbell and Kyle (1993) model 

an economy in which risk-averse arbitrageurs trade against noise traders. In this 

model, noise trader demand influences prices, because arbitrageurs have to bear 

ftindamental risk. In spirit, similar results are obtained in equilibrium models with 

heterogeneous (rational) agents (Dumas 1989; Wang 1996), where all agents influence 

price setting to some degree. 
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But the relevance of fundamental risk is not limited to cases of market-wide 

mispricing. The discussion above of the APT in infinite versus finite economies 

highlights this point. Given the lack of perfect substitute assets, attempts to exploit 

mispricing in the stock market are generally bound to involve some dose of 

fundamental risk. Moreover, real-world arbitrageurs may be unable to construct the 

well-diversified arbitrage portfolios envisioned in the APT to begin with. For 

example, there are reasons to believe that arbitrageurs specialize (see, e. g., Merton 

1987). Specialization implies a lack of diversification. The pricing implication is that 

arbitrageurs expect to be rewarded for taking on idiosyncratic fundamental risk. 

2.3.3 Noise Trader Risk and Financial Constraints 

Even if a mispriced asset has a perfect substitute, and hence an arbitrage trade 

does not involve any fundamental risk, there may nevertheless be uncertainty about 

the timing of price convergence, and the price path until then. In other words, it may 

still be the case that an arbitrageur will suffer losses in the intennediate tenn because 

mispricing deepens temporarily. 

DeLong, Shleifer, Summers, and Waldman (DSSW) (1990a) argue that the 

risk of temporary deepening of mispricing-which they call "noise trader risk" 

limits the aggressiveness of arbitrageurs. In equilibrium, unpredictable noise trader 

demand may influence prices, because arbitrageurs do not fully eliminate its impact. 

Their result rests on two important assumptions. First, arbitrageurs have limited risk- 

bearing capacity, which requires that arbitrageurs cannot fully diversify away the noise 

trader risk. This would be the case, for example, if noise trader risk is systematic. 

Systematic noise trader risk would affect large groups of stocks or the entire market, 

and hence diversified arbitrage portfolios of the sort envisioned in the APT would not 
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help to eliminate this risk. Alternatively, it may be that arbitrageurs are not able to 

diversify, because arbitrage requires specialized knowledge, forcing them to hold 

concentrated positions. Second, their model features an overlapping generations 

structure, which implies that arbitrageurs have short horizons. 

For these results to hold in the absence of fundamental risk, short horizons of 

arbitrageurs are a crucial assumption. Otherwise arbitrageurs could simply wait until 

the fundamental value is realized in some final state. There are however reasons to 

believe that the short horizon assumption may be realistic. In delegated portfolio 

management, short horizons can arise from agency problems. For example, it is 

known that corporate managers may have short-horizons because of career concerns 

(Narayanan 1985) or concerns about firin reputation (Stein 1989). Applied to 

delegated portfolio management, this means that professional investors may forego 

opportunities to exploit mispricings if there is not a sufficiently high probability of the 

arbitrage trade paying off in the near tenn. 

More specific to the institutional context of money management, Shleifer and 

Vishny (1997) argue that outside investors allocate capital to portfolio managers based 

on their past perfon-nance. Implicitly, the assumption is that outside investors do not 

know the trading strategy used by the arbitrageur, or, alternatively, that if managers 

were to disclose it, outside investors would not be able to judge its viability. Lacking 

better signals, outside investors use past perfonnance to learn about the skill of the 

manager and allocate capital accordingly. The resulting performance-dependence of 

capital flows has important implications for the investment policy of portfolio 

managers. First, managers may be concerned about short-run performance. Temporary 

deepening of mispricing reduces the capital base of the manager. In the extreme case, 

it may lead to liquidation. Managers dislike these capital losses. Noise trader risk 
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therefore reduces their ex-ante aggressiveness in exploiting mispricing. Moreover, 

arbitrageurs lose capital just at the time when opportunities are greatest. Capital losses 

may force portfolio managers to liquidate positions when prices have moved against 

them. These liquidations in turn may exacerbate mispricing. In times of financial 

crises, this price-destabilizing effect may be amplified if other arbitrageurs face 

similar problems at the same time and little capital is available to take up the assets 

liquidated in "fire sales" (Shleifer and Vishny 1992; Allen and Gale 2003). 

Xiong (2001) extends the Shleifer and Visliny (1997) arguments to a dynamic 

setting. He models arbitrageurs as leveraged convergence traders with logarithmic 

utility. These convergence traders take positions in high Sharpe Ratio opportunities, 

and, because of log utility, the size of their risky positions is proportional to their 

wealth. In continuous time, this preference for "portfolio insurance" prevents their 

wealth from falling to zero. Xiong shows that when these convergence traders are hit 

by an adverse noise trader demand shock that reduces their wealth, they may trade in 

the same direction of the noise trader shock, thereby exacerbating mispricing. 

Put in a slightly different perspective, the question of how to invest optimally 

as a portfolio manager is closely related to the literature on risk management under 

financial constraints. After all, the perforinance-dependence of flows in Shleifer and 

Vishny (1997) is a special form of a financial constraint. Grossman and Vila (1991) 

show that leverage constraints can make nsk-neutral investors behave in a risk-averse 

fashion. Building on Froot, Scharfstein, and Stein (1993), Froot and Stein (1998) 

consider the risk management and capital budgeting decisions of a financially 

constrained institution. Financial constraints are modelled as increasing costs to 

raising external finance. To avoid this cost of external financing, a financial institution 

maximizing shareholder value behaves optimally like a risk averse agent. If it 
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considers taking on risk exposure, it demands a risk premIum. that depends on the 

covariance of the new investment's returns with the returns on the pre-existing 

portfolio-that is, the contribution to the risk of the pre-existing portfolio, and the 

tightness of financial constraints. Their analysis has implications for how aggressive a 

trading desk or a hedge fund would trade to exploit mispricing. With positive 

covariance and financial constraints in place, such traders would trade more 

conservatively than a risk-neutral agent. Moreover, if losses eroded the capital base 

and hence financial constraints tighten, the institution would further reduce the 

aggressiveness of the trade by liquidating a part of the positions. 

There is now a sizeable literature on arbitrage under financial constraints that 

further refines and complements these results. Gromb and Vayanos (2002) conduct a 

welfare analysis and find that arbitrageurs may fail to take a socially optimal level of 

risk. Liu and Longstaff (2000) study the portfolio problem for an arbitrageur subject to 

margin constraints. They show that arbitrageurs often find it optimal to underinvest in 

an arbitrage opportunity (modelled as a Brownian Bridge process). Basak and 

Croitorou (2000) study persistence of mispricing in general equilibrium when 

investors face portfolio constraints. 

The importance of financial constraints derives from the fact that they can 

make investors reluctant to trade against mispricing, even if the mispricing gives rise 

to a (riskless) arbitrage opportunity, as, e. g., in the case of convergence trades that are 

known to converge for sure at some known future date. In the presence of financial 

constraints, even infinitely lived traders may be concerned about the short-run. If 

substitutes are not perfect, and arbitrageurs have to bear fundamental risk as well, 

these effects would are amplified. 
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2.3.4 Beauty Contests 

In the models introduced in the previous section, rational speculators are 

uncertain about the actions of noise traders. However, arbitrageurs may also be 

uncertain about the actions of their peers-that is, about whether or when they will 

attack mispricing. This type of argument is known at least since Keynes (1936). 

According to Keynes, investors act like judges in a beauty contest, who decide based 

on anticipated popularity among other judges, rather than according to their own 

measure of beauty. Put into a financial market context, this means that investors try to 

forecast the forecast of others, rather than trying to figure out the fundamental values 

of stocks. 

The classic argument along the lines of Friedman (1953) and Fama (1965) 

relies implicitly on backwards induction and competition to rule out such behavior. 

Eventually, someone will attack the mispncing. Arbitrageurs competing with each 

other would therefore try to pre-empt each other. By backwards induction, then, 

mispricing does not even get started. However, some imperfections can prevent this 

logic from working. 

Short horizons can make arbitrageurs concerned about the actions of other 

arbitrageurs in the near future, in the same way as short horizons can make investors 

concerned about temporary mispricing caused by noise traders, as discussed in the 

previous section. Brennan (1990) notes that firms may have "latent assets" that are not 

reflected in the valuation of the finn's securities, because investors with short 

horizons have no incentive to gather infort-nation about them, unless they expect other 

investors to take note of it in the short-run. Froot, Scharf 11 stein, and Stein (1992) 

explicitly model rational speculators with short horizons that exhibit such behavior. 

They may herd on some type of information, or even noise, neglecting other kinds of 
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infonnation. Short horizons alone do not break the backwards induction argument. 

Backwards induction still works if there is an unbroken chain of overlapping 

generations of arbitrageurs. In their model, the chain is broken by the assumption that 

there is some positive probability that all speculators have to close their positions 

before infonnation is revealed. Dow and Gorton (1994) analyze these issues in an 

infinite horizon economy. There are overlapping generations of traders. They have to 

bear a holding cost if they enter a trade, and there is a certain probability that a 

privately informed trader arrives in the next period. Whether infortned investors act on 

their inforination then depends on the trade-off between this holding costs and the 

probability that some informed trader will arrive in the next period. Hence, here the 

backwards induction argument fails, because for informed investors, the expected 

costs of holding the arbitrage trade may outweigh the expected benefits from doing so. 

As a consequence, long-run information may be worthless to the arbitrageur. 

Abreu and Brunnenneier (2002,2003) also build on this "beauty contest" 

intuition. Their models show that this logic can still apply with infinitely lived 

arbitrageurs. Specifically, if arbitrageurs become sequentially aware of mispricing and 

face holding costs, they may delay their attack on mispricing. The sequential 

awareness assumption is a modelling device to generate a lack of common knowledge. 

After sufficient time has passed, the sequentially informed arbitrageurs may be 

mutually aware of the existence of mispricing, but since they do not know whether 

they received information late or early relative to their peers, mutual knowledge does 

not imply common knowledge (everybody knows that everybody knows that, ..., etc., 

ad infinitum) of mispricing. As a consequence, they face uncertainty about whether 

other arbitrageurs will choose to act soon or later. Abreu and Brunnermeier call this 

44 synchronization risk". The probability of an imminent collapse of mispricing due to 
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rom trading an attack by other arbitrageurs then detennines the expected benefits f 

against mispricing. These expected benefits are traded-off against holding costs. This 

trade-off breaks the logic of backwards induction. It can then be optimal for 

arbitrageurs to delay their attack on mispricing until they perceive the probability of 

mispricing to collapse in the next period as sufficiently high. As a result, mispricing 

can persist for an extended period of time. 

2.3.5 Destablizing Speculation 

In most of the models discussed so far, the aggressiveness of arbitrageurs in 

trading against mispricing is limited by some frictions or risk. Nevertheless, in most 

-1 - cases, arbitrageurs still find it optimal to trade in a way that pushes prices towards 

fundamental value, albeit not completely. There are exceptions, though. Destabilizing 

trades can happen, for example, in models with financially constrained arbitrageurs 

(e. g. Shleifer and Vishny 1997; Froot and Stein 1998; Xiong 2001) when losses force 

traders to scale down their trades, either because they face outflows, or because it is 

the optimal risk management policy to do so as the financial constraint tightens. Such 

liquidation of trades can exacerbate the existing mispricing and therefore be 

destabilizing. These destabilizing effects of distressed liquidation can be further 

amplified through predation by other arbitrageurs, as in Brunnenneier and Pedersen 

(2003), and by financial market runs, as in Bernardo and Welch (2002). 

Under certain circumstances, destabilizing trades might also arise In the 

investigative herding models discussed above, e. g. Froot, Scharfstein, and Stein 

(1992) and Dow and Gorton (1994). Take, for example, internet stocks during the 

recent Technology Bubble. One could imagine an equilibrium, in which traders focus 

on one type of information (e. g. website hits) and neglect other infonnatlon (e. g. cash 
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flow). If news about website hits happens to negatively correlated with (partly 

neglected) news about true fundamentalsý the trades of Infon-ned investors might lead 

prices away from fundamental values-at least for a while. 

However, rational investors can act in a destabilizing way under more general 

conditions as well. Hart and Kreps (1986) show that rational investors may destabilize 

prices by buying high and selling low if they trade in (rational) anticipation of large 

events that rarely occur. In models with noise traders it is also anticipation, albeit of a 

different form, that can generate destabilizing behavior. In the noise trader models 

discussed above, noise trader demand is unpredictable and arbitrageurs trade against 

it. However, arbitrageurs may behave differently if noise trader demand can be 

predicted to some extent. In DSSW (1990b), for example, some investors are positive 

feedback traders. They buy after observing a high return and sell after observing a low 

return. Arbitrageurs know about this behavioral pattern. As before, the risk-bearing 

capacity of arbitrageurs is limited. Again, this could be because positive feedback 

trader demand is systematic and affects large groups of securities simultaneously, 

arbitrageurs are specialized, or substitutes are not perfect and arbitrage therefore 

involves fundamental risk. The presence of feedback traders induces the rational 

agents to trade in a destabilizing way. Upon good news, for example, they buy more of 

an asset than they otherwise would, at prices above fundamental value, because they 

know that positive feedback traders will pay still more for the asset in the next period. 

Predictability of investor sentiment is also at work in the bubble model of 

Abreu and Brunnenneier (2003). In their model, arbitrageurs face synchronization 

risk, which, as discussed before, can delay their attack on mispricing. Additionally, 

however, this model features a bubble that is growing, unless arbitrageurs attack it in a 

sufficient mass. Hence, if an arbitrageur decides that his peers are yet unlikely to 
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attack, she finds it optimal to ride the still-growing bubble by buying the overpriced 

bubble asset. The exogenous bubble growth is a simple modelling device, but it can be 

interpreted as predictable noise trader demand (e. g. predictably growing exuberance). 

Anticipation of it generates incentives to buy an overpriced asset, as in DSSW 

(I 990b). 

Allen and Gorton (1993) argue that agency problems between portfolio 

managers and their clients can lead to destabilizing behavior of professional investors. 

In their model, fund managers have performance-based compensation contracts with 

call option like features. As a result, bad fund managers may find it optimal to buy 

volatile assets, even if they are overpriced, because they share the potential profit, but 

not the loss. 

2.4 Empirical Evidence 

In theory, limits to arbitrage can arise through a variety of channels. In the end, 

however, it is an empirical matter how important these limits are. There is now 

growing body of empirical evidence on this point. It can be separated into two 

streams. One set of studies examines cases of mispricing and studies the risks and 

costs that arbitrageurs have to bear to exploit it. Other empirical work investigates the 

behavior of noise traders and arbitrageurs and the institutional envirom-nent in which 

they operate. Broadly speaking, the first set of papers examines how good potential 

66 good deals" really are once they are implemented as a trading strategy, while some of 

the latter papers investigate how good arbitrageurs want them to be before they act 

against mispricing. 
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2.4.1 Evidence on Mispricings and Arbitrage Risks 

Establishing that an asset is mispriced is often a difficult thing to do, because it 

requires to take a stand on the determinants of fundamental value, i. e. an asset pricing 

model (the "joint hypothesis problem"; Fama 1991). The cleanest evidence for limits 

to arbitrage therefore comes from settings in which this problem can be circumvented. 

These studies can be grouped into two classes. The first one examines prices of pairs 

of securities that are fundamentally identical, or, at least, very close substitutes. The 

second class of studies looks at price reactions to exogenous asset demand shocks that 

occur for non-informational reasons, i. e. demand shocks that should not convey any 

information about changes in fundamental value. Evidence on mispricings has been 

accumulating from both types of studies for a number of years. More recent, however, 

are attempts to understand these mispricings in the light of limits to arbitrage theories. 

This can be done by analyzing the risks involved in trades to exploit the mispricings, 

and by examining the cross-sectional prediction that mispricings should be largest for 

assets that are subject to the most severe limits to arbitrage. 

Relative Mispricing OfFundamentally Close Assets 

Rosenthal and Young (1990) and Froot and Dabora (1998) analyze prices of 

"twin-shares" such as Royal Dutch and Shell. Royal Dutch and Shell are finns 

incorporated independently in the Netherlands and England. However, they have a 

century-old alliance. Its terins specify that their pooled cash flow is split 60: 40 

between these companies. For all practical purposes, the two shares appear to be as 

perfect as substitutes as two shares could possibly be. According to present value, the 

market value of Royal Dutch should be 1.5 times the market value of Shell. Absent 

limits to arbitrage and noise trader risk, no-arbitrage bounds would predict that prices 
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are very close to this benchmark. Yet, Froot and Dabora (1998) show that prices of the 

two shares deviate by up to 35% from this benchmark dunng the 1980-95 period. 

Taxes and other imperfections do not appear to provide an explanation. They find 

similar effects for other "twin-shares" (Unilever and Smithkline Beecham) as well. 

The persistence of mispricing does make sense from a limits to arbitrage 

perspective, though. An arbitrage trade constructed to exploit mispricing of Royal 

Dutch relative to Shell is certainly not riskless. History shows that mispricing is highly 

persistent, and it may become worse for years before converging eventually. A 

convergence trade is not an arbitrage in the textbook sense. Hence, arbitrage bounds 

do not pin down the relative prices between Royal Dutch and Shell. Good deal bounds 

may imply some constraints on mispricing. If mispricing gets too large, some traders 

will take the risk of the convergence trade, hoping to be compensated for this risk by 

an appropriate risk premium. It is known that some hedge funds-Long Tenn Capital 

Management (LTCM), for example-were, at some point, engaged in convergence 

trades on Royal Dutch and Shell. 

Yet, the evidence in Froot and Dabora (1998) suggests that the good deal 

bounds must be quite wide if mispricings up to 35% are possible. The "twin-shares" 

evidence is so important, because the convergence trade does not involve any 

fundamental risk. This is a special case. Convergence trades designed to profit from 

relative mispricings of other stocks that do not have twins would involve some degree 

of ftindamental risk. Hence, the typical good deal bounds imposed by the forces of 

rational speculation should be expected to be wider than what we observe for "twin- 

shares". 

Mitchell, Pulvino, and Stafford (2002a) examine situations where the market 

value of a publicly traded company was less than the market value of its ownership 
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stake in a publicly traded subsidiary. These are cases of clear mispricIng, which 

closely resemble arbitrage opportunities. A convergence trade-shorting the 

subsidiary and taking a long position in the parent company-delivers abnormal 

returns. However, as they show, it is not riskless. First, in 30 percent of the cases they 

examine, the link between the parent and the subsidiary is permanently broken before 

convergence was completed and the arbitrage strategy paid off. Second, the path to 

convergence is not smooth. The convergence trade delivers volatile returns, and the 

time until convergence is highly uncertain. Yet, when uncertainty is resolved-for 

example, when a date for the distribution of subsidiary shares to parent shareholders is 

specified-prices quickly converge. 

Lamont and Thaler (2003) examine similar cases of subsidiary relative to 

parent mispricing, but focused on a sample of equity-carve outs, where the parent had 

announced the intention to distribute subsidiary shares to parent shareholders. In their 

sample, the risks that are highlighted in Mitchell, Pulvino, and Stafford (2002a) seem 

small. Instead, arbitrageurs appear to be deterred by costs of selling short the 

subsidiary's shares. In other words, implementation costs are the main impediments to 

arbitrage. 

Mitchell and Pulvino (2001) and Baker and Savasolglu (2002) examine the 

returns to merger arbitrage strategies, which involve long positions in the shares of the 

takeover target and, as a hedge, short positions in the acquiring firm. Both papers find 

that these strategies provide large abnonnal returns before transaction costs. Hence, 

shares of the takeover target are commonly underpriced relative to the acquiring firm. 

However, there are obstacles to eaming these retums. Michell and Pulvino show that 

transactions costs substantially reduce these excess returns. Moreover, they find that, 

in time-series, the payoffs of a merger arbitrage strategy resemble those of selling 
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index put options. Although they find that this non-linearity cannot account for the 

abnon-nal returns relative to linear asset pricing models, it is nevertheless possible that au III 

the specialized arbitrageurs involved in merger arbitrage may be averse to such payoff 

patterns, which tend to lead to losses in severe down markets. Baker and Savasolglu 

examine the cross-section of merger arbitrage trades and find that abnormal returns 

tend to be larger when arbitrageurs have to bear more completion risk and the target 

size is larger. Moreover, profits are lower when the supply of arbitrage capital is 

higher. These findings are consistent with a limits to arbitrage explanation for the 

persistence of high returns to merger arbitrage strategies. 

Relative mispricings have also been found in other contexts. Amihud and 

Mendelson (1991) find that Treasury bills are overpriced relative to Treasury notes 

with matched maturity. They attribute this effect to a liquidity premium on the more 

liquid bills. Similar effects have been detected in a variety of other settings for 

securities with similar cash-flows, but different liquidity, e. g. Longstaff (2001) for 

RefCorp bonds (issued by a U. S. Government agency) versus Treasury Bonds, 

Dimson and Hanke (2003) for equity index-linked bonds relative to the underlying 

equity index, and Krishnamurty (2002) for on-the-run (newly issued) versus off-the- 

run (previously issued) 30-year Treasury bonds. 

Evidently, some investors prefer to hold liquid securities. This brings up the 

question, though, why arbitrageurs with long horizons, who should be relatively 

indifferent to liquidity, do not enter convergence trades by shorting the liquid security 

and taking long positions in the illiquid one. Limits to arbitrage appear to be important 

here to explain the persistence of the valuation difference. First, there are 

implementation costs. Longstaff (2001) notes that shorting Treasury bonds over 

extended periods of time may be costly. Tuckman and Vila (1992) show that relative 
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mispricings among Treasury Bonds are larger for bonds with longer maturity, which 

they interpret as evidence that the greater holding costs until maturity deter arbitrage 

activity. Krishnamurty (2002) provides explicit evidence on shorting costs (repo rates) 

and argues that the convergence trade on 30-year Treasuries is not profitable anymore 

after adjusting for these costs. Similar results are obtained In Cornell and ShaPiro 

(1989), a clinical study of Treasury bond mispricing, possibly caused by a "short 

squeeze". Second, the liquidity spreads may widen over time, causing arbitrageurs to 

lose money. This seems to happen especially in times of "liquidity crises" such as the 

Russian-LTCM crisis in September 1998. As discussed in the previous section, the 

risk of deepening of mispricing may cause arbitrageurs subject to margin 

requirements, financial constraints, etc. to be reluctant to enter the convergence trade 

unless it offers a significant risk premium. 

Closed-end funds are another good setting to study relative pricing. Closed- 

end funds are investment funds that have their shares traded on stock exchanges. 

Commonly, prices of closed-end funds deviate from the per-share value of the assets 

held by the fund (net asset value, NAV), often in the forni of a discount (Malkiel 

1977; Lee, Shleifer, and Thaler 1991). Here the convergence trade would be to invest 

in the fund trading at a discount and short a portfolio that replicates the holdings of the 

fund. There is evidence consistent with the view that limits to arbitrage prevent 

arbitrageurs from eliminating mispricing. Pontiff (1996) finds that the magnitude of 

mispricing is largest for funds invested in portfolios that are most difficult to hedge 

and where the convergence trade involve the highest implementation costs. Similarly, 

Dimson and Minio-Kozerski (2001) and Gernmil and Thomas (2002) find that U. K. 

closed-end funds with the highest residual risk in an asset class factor model have the 

most extreme iscounts. 
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Overall, this evidence shows the following. First, even for assets with close-to- 

perfect substitutes-that is, in the absence of fundamental risk-the convergence trade 

is risky in the short-run. Arbitrageurs face noise trader risk (e. g., twin shares), or 

liquidity risk (e. g., off-the run vs. on-the-run bonds). Irnplementation costs are 

relevant as well. 

Price Reactions to Uninformed Demand Shocks 

Another strand of the literature examines the ability of rational speculators to 

keep prices close to fundamental value by looking at situations in which there is a 

demand shock for non-informational reasons. 

Additions of stocks to a widely followed index such as the S&P500 constitutes 

a popular natural experiment setting to study such effects. In an efficient market, 

uninfortned demand shocks should not change prices. The evidence, however, 

suggests that they do. Harris and Gurel (1986) and Shleifer (1986) find that stocks 

added to the S&P500 experience a price increase of about 3% on the day of the 

addition. Kaul, Mehrotra, and Morck (2000) find similar effects in a pre-announced 

reweighting of a Toronto Stock Exchange index. The latter case is interesting, because 

in this study, it can be ruled out with certainty that infortnation effects play a role. 

These effects are consistent with there being demand shocks from index fund 

investors that are forced to buy the stock on the day of the addition, and arbitrageurs 

being unwilling to fully absorb this excess demand. 

Wurgler and Zhuravskaya (2002) investigate limits to arbitrage that could help 

to explain this effect. Specifically, they test cross-sectional predictions of the limits to 

arbitrage story. Price effects upon addition to the index should be larger if (1) the 

demand from index funds is larger, and if (ii) the convergence trade-short the stock 
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added to the index, take a long positions In a portfolio of close substitutes-is more 

risky. Using data on S&P500 additions, they find support for these predictions. Price 

jumps are larger for stocks with larger index fund demand, and for stocks that with 

more residual risk after hedging with a substitute portfolio. Greenwood (2003) studies 

the April 2002 redefinition of the Nikkei 225. There, unhedgeable fundamental risk 

also seems to be important. 30 technology stocks with very large market capitalization 

were added to the index at that time. Any strategy of shorting these stocks would have 

involved a largely unhedgeable bet on the technology sector. 

Mitchell, Pulvino, and Stafford (2002b) examine stock prices and professional 

investor behavior around mergers. They find that short-selling by merger arbitrageurs 

and index fund rebalancing creates demand shocks that have transitory impact on 

pnces. 

Specific Evidence on Short-Sale Constraints 

Recent papers by D'Avolio (2002), Geczy, Musto, and Reed (2002), Jones and 

Lamont (2002) provide some direct evidence on the costs of borrowing shares. In 

broad tenns, these studies show that the typical stock can be shorted at low cost (less 

than I percent p. a. ). However, for a small percentage of stocks, the demand for 

borrowing stocks is high relative to potential supply of lendable shares, and short- 

selling is therefore more costly. Jones and Lamont, using a unique data set from the 

1920s-30s find that stocks with high short-selling costs tend to have high valuations 

and low subsequent returns, consistent with the view that short-selling costs prevent 

arbitrageurs from eliminating overvaluation. However, they also find that the 

magnitude of underperformance is larger than the corresponding costs to hold the 

short position. In other words, the marginal short-seller is earning abnormal returns 
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irect after accounting for short-selling costs. Hence, it appears that in addition to the di 

cost of shorting shares there must be some other limits to arbitrage that prevent 

arbitrageurs from being more aggressive. 

This phenomenon is also encountered in other studies on short-sale 

constraints. Ofek, Richardson, and Whitelaw (2002) find that high borrowing costs for 

shares tend to coincide with violations of put-call parity in the option markets. Stocks 

for which that is the case tend to underperform strongly subsequently-net of 

borrowing costs. The sample period in this study is relatively short, though. Other 

studies therefore use more indirect proxies that are available over longer time periods. 

Chen, Hong, and Stein (2002) use breadth of mutual fund ownership as a proxy for 

short-sale constraints and overpricing. The idea is that in market with short-sale 

constraints and differences in opinion, breadth of ownership would indicate whether 

pessimistic investors have sold out and are sitting on the sidelines. Consistent with 

this argument, they find that stocks experiencing decreases in breadth underperform 

subsequently. But again, the magnitude of underperformance seems too large for 

direct short-sale costs to be the only relevant limit to arbitrage. In a similar vein, the 

investigation of the book-to-market effect in Chapter 4, based on different proxies for 

the difficulty of short-selling, uncovers large abnormal returns, too. One possible 

reason could be that short-sale costs amplify other limits to arbitrage. For example, in 

many models of limited arbitrage, implementation costs are an essential ingredient, 

but not the only determinant of the degree to which arbitrage is limited. It remains to 

be seen whether future empirical evidence can deliver some additional insights on this 

point. 

Overall, the evidence shows that mispric* I ings commonly do not give rise to 

strategies that are fundamentally riskless. Exploiting them is risky. Moreover, in some 
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settings, implementation costs are relevant as well. Hence, mispricings rarely offer 

arbitrage opportunities. This is turn implies that arbitrage bounds are not of much help 

in pinning down relative prices of equities. The absolute values of stocks are, of 

course, even less likely to be determined by arbitrage bounds. If the entire market is 

mispriced, any attempts to exploit it involve taking on market risk. 

2.4.2 Evidence on Investor Behavior 

However, the risks arbitrageurs faced with matter only under specific 

assumptions. Noise trader risk limits arbitrage only if arbitrageurs are risk averse, if 

they cannot diversify it away, and if they have short horizons. A complementary 

approach to provide evidence on limits to arbitrage is to examine these assumptions. 

Results are emerging on three broad points. First, noise traders do appear to trade in a 

correlated way. Their demands have a systematic component. There is yet little 

evidence on the alternative possibility that arbitrageurs cannot diversify away noise 

trader risk because they are specialized. Second, there is some empirical work on 

institutional constraints that can make professional fund managers act in a myopic and 

risk-averse fashion. Finally, there is also some exploratory evidence that under certain 

circumstances, managers may have incentives to trade in a destabilizing way, thereby 

exacerbating mispricing. 

Systematic Noise Trade 

So far, there are only few empirical studies that have examined whether noise 

trade has a systematic component. However, as more databases on trades of individual 

investors become available, more evidence is emerging. 

45 



Lee, Shleifer, and Thaler (199 1) observe that closed-end fund discounts tend to 

co-move with returns on small-cap stocks, which they interpret as evidence that 

sentiment individual investors-the main investors in small-cap stocks and closed-end 

funds-is driving returns of both asset classes. While this is only indirect evidence, 

recent studies examine the trading behavior of individuals directly. They do find 

support for a systematic component in individual investor trades. Jackson (2003) finds 

that net investment flows are positively correlated across a comprehensive sample of 

Australian retail brokerage firms. Barber, Odean, and Zhu (2003) examine individual 

investor trading records from two brokerage fin-ns. They, too, find that individual 

investor trades are correlated. 

To the extent that individual investors are the source of noise trader demand, 

the above evidence supports the notion that it is systematic. It is, however, not clear 

that correlated retail investor sentiment is the source of this correlation. Instead, it 

could simply be a consequence of the adding-up constraint. Suppose that institutional 

trades are correlated. Then, individuals' trades would have to be correlated as well. 

For example, if institutional investors all rush to buy stocks whose names start with 

the letter 'A' then, by the same token, individual investors, on average, have to sell 

'A' stocks. Hence,, their trades have to be correlated as well. From observing the 

correlation alone, it is not clear which class of investors was the driving force and 

which one was acting passively. 

There is some reason to suspect that institutional investors could also be a 

source of systematic noise trader demand. Institutional investors, for example, tend to 

follow trading styles. If investors allocate capital to funds based on style categories, 

there can be excess comovement-that is, in excess of the comovement warranted by 

fundamental s-among stocks within a style-class. Consistent with this view, Barberis, 

46 



Shleifer, and Wurgler (2003) find that stocks added to the S&P500 index experience 

an increase in their beta on the S&P500 and a decrease in their beta on non-S&P500 

stocks. Evidence presented in Jackson (2002) also suggests that institutional investors 

may be a source of systematic noise trade. He finds that Australian stocks that 

experience an increase in individual investor ownership do not exhibit increased 

correlation with returns on a portfolio of high individual ownership stocks. In contrast, 

increases in institutional ownership lead to increased correlation with a high 

institutional ownership portfolio. The results in these two papers are interesting in the 

sense that they do not only show that noise trade is correlated across investors and 

stocks, but also that it affects returns. This return covariance for non-fundamental 

reason is what may make trades against mispricing subject to non-diversifiable risk. 

Constraints Faced by Professional Investors 

In the idealized world of efficient markets, there are well-capitalized investors, 

ready to invest in any opportunity that is available. However, there is direct evidence 

that at least some professional investors face significant constraints. Almazan et al. 

(2003) document that about 73 percent of the mutual funds in their 1994 sample were, 

for example, prohibited from short selling by their charters. However, only 11 percent 

of those funds allowed to short, actually made use of it. They find similar results for 

constraints concerning margin investing and the use of derivatives. Almazan et al. 

suggest that the rationale of these restrictions is to control agency costs. Concerning 

their potential role as arbitrageurs in financial markets, these constraints imply that 

mutual fund managers at least are far more restricted than the idealized arbitrageurs in 

efficient markets theory. It may be the case that only more sophisticated and less 
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or example, can potentially restricted institutional investors, such as hedge funds, f 

perforrn this role. 

According to Shleifer and Vishny (1997), the separation of "brains" from 

"capital" in delegated portfolio management is an important source of limits to 
Ic- 

arbitrage. In particular, they argue, the sensitivity of in- and outflows of capital into 

funds managed by professional investors limits their ability and willingness to trade 

against mispricing. The assumption of flow-perfon-nance sensitivity is supported by 

empirical evidence. Ippolito and Warther (1995), Chevalier and Ellison (1997), and 

Sirri and Tufano (1998) find that mutual fund flows are sensitive to performance. 

Similarly, Agarwal, Daniel, and Naik (2002) document that flows into and out of 

hedge funds, too, are sensitive to performance. This is remarkable because many 

hedge funds employ mechanisms designed to limit short-run outflows. Such 

mechanisms can also be seen as a screening device, used by funds to attract a clientele 

with long investment horizons (Lerner and Schoar 2002). However, the evidence 

shows that despite these institutional arrangements, hedge fund managers are not 

immune to short-run performance-related outflows. 

Chapter 3 provides circumstantial evidence on the outflows that Tiger 

Management-until then one of the most successful hedge fund managers 

experienced during the Technology Bubble. Tiger was taking positions against 

technology stocks, and its performance suffered as technology stocks continued to 

soar. Tiger decided to liquidate just when the bubble was about to collapse-a vivid 

illustration of the limits to arbitrage along the lines predicted by Shleifer and Vishny 

(1997). Similarly, the failure of LTCM corresponds in many ways to the model of 

Shleifer and Vishny. Losses on convergence trades due to temporary widening of 
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spreads, combined with financial constraints were central factors in its failure (see e. g. 

Jonon 1999). 

In delegated portfolio management, career concerns of fund managers may 

also create distortions that can lead to limits to arbitrage. Chevalier and Ellison (1999) 

find that younger investment managers are more likely to be face termination 

following bad performance. As a result, young managers have incentives to avoid 

unsystematic risks. Consistent with these incentives, Chevalier and Ellison document 

that younger managers indeed take on less unsystematic risk than more seasoned 

managers do. 

Destabilizing Behavior ofProfessional Investors 

So far there is only limited evidence on whether, under some circumstances, 

professional investors choose to act in a destabilizing way, as e. g. in the models of 

DSSW (1990b), and Abreu and Brunnen-neier (2003). Chapter 3 provides some 

evidence on this point. It shows that during the Technology Bubble, hedge funds 

chose to take temporary long positions in overpriced stocks, thereby exacerbating 

rather than eliminating the bubble. Their trading behavior and their performance over 

this period is suggestive of predictable noise trader sentiment. 

Predatory trading along the lines of Brunnenneier and Pedersen (2002) can 

amplify limits to arbitrage caused by financial constraints. Cai (2001) provides 

evidence that market markers engaged in front-running when LTCM was in distress in 

1998. Since such predatory trading reduces the liquidation value the distressed trader 

receives, it constitutes an additional cost of distress that professional investors might 

then try to avoid ex-ante by being less aggressive in taking risks. 
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Finally, professional investors can also act rationally in a destabilizing way if 

they have incentives to cater investment products to the demands of noise traders. The 

evidence presented in DeLong and Shleifer (1991) is interesting in this respect. They 

find that during the third quarter of 1929-shortly before the burst of the 1920's 

bubble-the typical closed-end fund traded at a large premium, indicating a large 

demand from individual investors for closed-end funds. And indeed, this was also the 

quarter with the highest level of new closed-end fund issues. Similarly, it seems 

plausible-but there is yet no systematic evidence to corroborate this view-that the 

optimal decision for a mutual fund manager dunng the Technology Bubble was not to 

trade against overpriced technology stocks, but instead, to offer technology-keen retail 

investors a new technology fund! 

Hence, it may be the case that professional investors rationally choose to 

provide investment vehicles that cater to retail investor demand. In that sense, at least 

until noise traders realize their demands are misguided, funds managed by 

professional investors may not always be market efficiency-enhancing institutions. 

This is unlike the world envisioned, for example, in Merton (1987), where capital 

would always flow, albeit slowly, to arbitrageurs that have identified mispricing and 

trade against it. 

2.5 Conclusions 

The limits to arbitrage literature takes a profoundly different approach than 

standard asset pricing theory. Instead of modelling financial markets as a place where 

individual investors trade on their own, it attempts to take into account explicitly the 

institutional environment in which traders operate. Insights from the theory of 
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corporate finance and financial interinediation are applied to understand asset pricing 

phenomena. The empirical evidence surveyed here shows that this approach has 

proved to be useful in understanding why, under certain conditions, deviations of 

prices from fundamental value may arise. The experience of LTCM and Tiger 

Management has underscored the real-world relevance of the notion that arbitrageurs 

may be constrained. 

Of course, there are still many open questions. For example, there is now a 

substantial body of evidence on mispricings in settings where it is relatively easy to 

identify and convergence trades can be constructed without much fundamental risk. It 

seems plausible that mispricings might then be much larger for the typical stock, 

where mispricing is much harder to identify and convergence trades are fundamentally 

risky. However, while this is plausible, it is just a conjecture. In the words of a 

Chicago economist, reportedly commenting on the findings of Lamont and Thaler 

(2003), one would like to know whether these cases are "the tip of the iceberg or the 

entire ice cube". 

Moreover, while there has been much recent effort to better understand short- 

sale constraints, they are still a puzzling phenomenon. Empirical studies, using 

proxies for the severity of short-sale constraints, commonly find price effects that 

seem too large to be explained simply by the implementation costs of a short-sale. 

Chapter 4 provides additional evidence that leads to a similar conclusion. There seems 

to be something else that prevents arbitrageurs from using short-sales more 

aggressively. It is clearly an important issue for future research to identify what that is. 

More empirical evidence is also needed on the behavior of professional 

investors. Theoretially, there are many ways in which one can imagine arbitrageurs to 

be constrained. Similarly, there are many ways in which smart investors may be able 
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to exploit noise traders. Sometimes these trades may be stabilizing, sometimes it may 

happen in a destabilizing fashion. In the end, it is an empirical task to find out which 

of these possibilities are the most relevant ones. Chapter 3 contributes some insights 

on this issue by examining the trading behavior of sophisticated investors during the 

Technology Bubble. 
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Chapter 3: Hedge Funds and the Technology Bubble 

3.1 Introduction 

Technology stocks on NASDAQ rose to unprecedented levels during the two 

years leading up to March 2000. Ofek and Richardson (2002) estimate that, at the 

peak, the entire internet sector, comprising several hundred stocks, was priced as if the 

average future eamings growth rate of these finus would exceed the growth rates 

experienced by some of the fastest growing firms in the past, and, at the same time, 

the required rate of return would be zero percent for several decades. By almost any 

standard, such valuation levels are so extreme that this period appears to be another 

episode in the history of asset price bubbles. 

Shiller (2000) argues that the stock price increase was driven by irrational 

euphoria among individual investors, fed by an emphatic media, which maximized 

TV-ratings and catered to investor demand for pseudo-news. Of course, only few 

economists doubt that there are both rational and irrational market participants. 

However, there are two opposing views about whether rational traders correct the 

price impact of behavioral traders. Proponents of the efficient markets hypothesis 

(Friedman 1953; Fama 1965) argue that rational speculative activity would eliminate 

not only riskless arbitrage opportunities, but also mispricings that can only be 

exploited through imperfectly hedged risky trades. The latter case clearly applies to 

the Technology Bubble, as there does not exist a close substitute that could be used to 

4 Nevertheless, there may be alternative explanations. Pastor and Veronesi (2003), for example, argue 
that these valuation levels could be rationalized by a combination of highly persistent excess returns on 
new technologies, prior uncertainty about average profitability, and low expected returns. Similar to 
other recent work on the Technology Bubble (Ofek and Richardson 2003; Cochrane 2002), our 
following analysis is based on the view that prices exceeded ftindamentals. We feel that there Is ample 
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hedge a short position in the technology sector. In contrast, the literature on limits to 

arbitrage points out that various factors such as noise trader risk, agency problems, 

and synchronization risk may constrain arbitrageurs and allow misPricing to persist. 

Moreover, some models indicate that rational investors might find it optimal to ride 

bubbles for a while before attacking them, making the actions of rational investors 

destabilizing rather than stabilizing. 

To shed some light on these issues, we examine empirically the response of 

hedge funds to the growth of the Technology Bubble. Hedge funds are among the 

most sophisticated investors-probably closer to the ideal of "rational arbitrageurs" 

than any other class of investors. Our aim is to find out whether sophisticated 

speculators were indeed a correcting force during the bubble period. Our study is 

unusual in that we look at hedge fund holdings directly. In general, data on hedge 

funds are difficult to obtain, because hedge funds are not regulated by the SEC. 

However, like other institutional investors, hedge funds with large holdings in U. S. 

equities do have to report their quarterly equity long positions to the SEC on form 

OF We extract hedge fund holdings from these data, including those of well-known 

managers such as Soros, Tiger, Tudor, and others. To the best of our knowledge, our 

paper is the first to use holdings data to analyze the trading activities of hedge funds. 

To assess the effect of short positions and derivatives, we also look at the returns of 

hedge funds. 

This empirical investigation yields several interesting results. First, our 

analysis indicates that hedge funds were riding the Technology Bubble. Over our 

sample period 1998-2000, hedge fund portfolios were heavily tilted towards highly 

reason for doing so, but we want to emphasize that we do not attempt to rule out possible rational 
explanations. 
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priced technology stocks. The proportion of their overall stock holdings devoted to 

this segment was overweight compared to the corresponding weight in the market 

portfolio. Relative to market portfolio weights, the technology exposure of hedge 

funds peaked in September 1999, about six months before the peak of the bubble. 

Hedge fund returns data reveal that this exposure on the long side was not offset by 

short positions or derivatives. 

Second, we find that that the hedge funds in our sample skilfully anticipated 

pnce peaks of individual technology stocks. On a stock-by-stock basis, hedge fund 

managers started to cut back their holdings before prices collapsed. In fact, our data 

show that hedge funds earned substantial excess retums in the technology segment of 

the NASDAQ. A portfolio that mimics their holdings exhibits abnormal returns of 

around 4.5 percent per quarter relative to a characteristics-matched benchmark, which 

controls for size, value, and momentum effects. Interestingly, this outperformance is 

confined to the technology sector; it does not show up in other market segments. This 

is consistent with the view that hedge fund managers were able to predict some of the 

investor sentiment that may have driven the wild fluctuations in valuations of 

technology stocks at the time. It also suggests that the technology exposure of hedge 

funds cannot simply be explained by unawareness of the bubble. 

The fact that highly sophisticated investors were riding the bubble and profited 

from doing so is consistent with some recent theoretical results on limits of arbitrage. 

Our findings relate to two main insights in this literature. First, rational investors may 

be reluctant to trade against mispricing. Risk aversion limits their aggressiveness if 

close substitutes are unavailable and arbitrageurs therefore have to bearfundamental 

risk, as is the case, e. g., in Wurgler and Zhuravskaya (2002). Abreu and Brunnermeier 

(AB) (2002,2003) argue that synchronization risk can prevent arbitrageurs from 
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attacking mispricing, since each trader is uncertain about when other traders will 

attack. Because a single investor cannot bring the market down by himself, 

coordination among rational traders is required and a synchronization problem arises. 5 

This allows the mispricing to persist for some time. In DeLong, Shleifer, Summers 

and Waldmann (DSSW) (1990a), short horizons make arbitrageurs averse to noise 

trader risk caused by the possibility of temporary deepening of mispricing; in Dow 

and Gorton (1994), myopia leads them to trade only on information they expect to 

influence prices in the short-run. Shleifer and Vishny (1997) argue that the short- 

horizon assumption is realistic in delegated portfolio management, because temporary 

losses would lead to fund outflows. Consistent with this view, Chevalier and Ellison 

(1997) document that bad perfon-ning mutual funds expenence fund outflows. 

Agarwal, Daniel, and Naik (2002) find similar flow-performance sensitivity for hedge 

funds, despite contractual arrangements designed to prevent outflows (e. g. lock-up 

provisions). As a related point, we show that different exposure to the technology 

segment during the bubble period coincided with very different flow patterns for two 

prominent hedge funds managers (Tiger and Soros). 

Reasoning along these lines can explain why rational investors would not trade 

aggressive enough to completely eradicate mispricing. Nevertheless, their trades 

would still be stabilizing, in the sense that they would still want to short assets they 

know to be overpriced. Under certain circumstances, however, it can even be optimal 

for rational investors to invest in overpriced assets. In the coordination-failure model 

of AB (2003), a price bubble is growing unless a sufficient number of arbitrageurs 

51 With respect to hedge funds, the assumption that some coordination would be required to burst a 
bubble seems reasonable, as the capital of the largest hedge funds rarely exceeds $20 billion. Even 
taking into account their ability to use leverage, this is rather small compared with a combined market 
capitalization of all NASDAQ stocks in excess of $5 trillion in 1999. 
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decide to attack. As a result, arbitrageurs who conclude that other arbitrageurs are yet 

unlikely to trade against the bubble find it optimal to ride the still-growing bubble for 

a while. In DSSW (1990b), rational investors anticipate demand from positive 

feedback traders. If there is good news today, rational traders buy and push the price 

beyond its fundamental value, because feedback traders are willing to take up the 

position at a higher price in the next period. 6 In both models, the incentive to ride the 

bubble stems from predictable "sentiment": anticipation of continuing bubble growth 

in AB (2003) and predictable feedback trader demand in DSSW (1990b). An 

important implication of these stories is that rational investors should be able to reap 

gains from riding a bubble at the expense of less sophisticated investors. Both 

predictions-sophisticated investors riding the bubble and gains from doing so-are 

consistent with our findings. 

Overall, our evidence casts doubt on the presumption underlying the efficient 

markets hypothesis that it is always optimal for rational speculators to attack a bubble. 

While the exact implications of our results for the mechanism limiting the forces of 

arbitrage may be open to different interpretations, two points seem clear: First, there is 

no evidence that hedge funds as a whole exerted a correcting force on prices during 

the Technology Bubble. Among the few large hedge funds that did, the manager with 

the least exposure to technology stocks-Tiger Management-did not survive until 

the bubble burst. Second, it appears that aversion to arbitrage risk and frictions such as 

short-sales constraints alone are not sufficient to understand the failure of rational 

speculative activity to contain the bubble. While they may explain the unwillingness 

' Other papers on destabilizing speculation include Hart and Kreps (1986) and Brunnermeier and 
Pedersen (2002), who focus more on higher frequency phenomena, not bubbles, and Allen and Gorton 
(1993), who show that bad fund managers may have incentives to chum a bubble since they share the 
profit, but not the loss. Brunnermeier (2001) provides a more comprehensive survey of the literature on 
bubbles. 
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of professional investors to short overpriced technology stocks, they do not explain 

our finding that hedge funds held long positions in these stocks. As a caveat, though, 

we want to point out that the size of our data set limits us to analyses that are mainly 

descriptive. In this respect, we view our work more as a clinical study of trading by 

sophisticated investors dunng a bubble episode, rather than an attempt to formally test 

theories. Nevertheless, it adds valuable empirical evidence to the predominantly 

theoretical work on bubbles and limits to arbitrage. 

Related empirical evidence on the Technology Bubble is provided by Griffin, 

Harris, and Topaloglu (2002), who show that, on a daily and intraday basis, 

institutional investors engaged in trend-chasing in NASDAQ 100 stocks. Limits to 

arbitrage are examined empirically in Mitchell and Pulvino (2001), Mitchell, Pulvino, 

and Stafford (2002), Baker and Savasoglu (2002), Wurgler and Zhuravskaya (2002), 

and Lamont and Thaler (2003) in the context of corporate events; Pontiff (1996) looks 

at closed-end funds. Our paper also contributes to the growing literature on hedge 

funds. Fung and Hsieh (1997), Ackermann et al. (1999), Agarwal and Naik (2000), 

Brown and Goetzmann (2003) investigate properties of hedge fund returns and 

manager skill. Closer in spint to our work are Brown, Goetzmann, and Park (2000) 

and Fung and Hsieh (2000). They infer hedge fund holdings indirectly from returns to 

analyze the role of hedge funds in the Asian crisis and other events. 

The rest of this chapter is organized as follows. Section 3.2 describes our stock 

holdings data and presents some summary statistics. In Section 3.3, we investigate the 

extent of hedge fund investments in the technology sector. Section 3.4 provides results 

on the timing of their exposure at an individual stock level. Section 3.5 concludes. 
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Figure 3.1: Returns on NASDAQ by price/sales quintile, 1998-2000. At the end of each 
month, we rank all stocks on NASDAQ by their price/sales ratio and form five portfolios based on 
quintile breakpoints. Portfolios are rebalanced each month. The figure shows value-weighted indexes of 
total returns. 

3.2 Data and Sample Characteristics 

3.2.1 Defining the Bubble Segment 

In our analysis of hedge fund holdings, we want to focus on stocks that were 

most likely to be overvalued during the bubble period. To identify candidate finns, we 

use the ratio of Price-to-Sales (P/S). Other commonly used price/fundamental ratios 

such as Market-to-Book and Price-to-Eamings suffer from the fact that many 

companies with rocketing stock prices during our sample period had extremely 

negative earnings. Based on Price-to-Earnings ratios, it is then hard to distinguish an 

overpriced internet company from, say, a distressed "old economy" manufactunng 

company. For this reason, we prefer the P/S ratio. 

Figure 3.1 graphs value-weighted return indexes of NASDAQ stocks with 

different P/S ratios from 1998 to 2000. We use monthly stock returns from CRSP and 

accounting data from the CRSP/COMPUSTAT merged database. At the end of each 
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month, we rank stocks based on their P/S ratlo usIng sales figures that are lagged at 

least six months and end-of-month market capitalization. We then sort all stocks into 

five equally spaced groups based on NASDAQ breakpoints. These portfolios are 

rebalanced every month. Figure 3.1 shows that the value of high P/S stocks 

quadrupled over the course of about two years until March 2000. However, more than 

half of these gains were wiped out by the end of 2000. Interestingly, this extreme 

mispricing was not a pervasive phenomenon on NASDAQ. The price run-up until 

March 2000 and the subsequent crash were largely confined to the subset of stocks 

with the highest P/S ratios. Hence, our parsimonious P/S grouping appears to do a 

good job in uncovering the subset of overpriced stocks. In the rest of the paper, we 

focus mainly on the highest P/S quintile group. 

The distribution of P/S ratios of internet stocks presented in Lewellen (2003) 

reveals that about 90% of them fall into our highest P/S quintile. Moreover, the return 

history of our high P/S portfolio in Figure 3.1 closely mirrors the results presented in 

Ofek and Richardson (2002) for a sample of internet stocks, which saw price increases 

of about 1000 percent (equal-weighted) from the start of 1998 to March 2000. In 

addition to internet stocks, however, our portfolio also contains other technology 

stocks that were "hot" at the time, such as Cisco Systems, Sun Microsystems, and 

EMC. For simplicity, we therefore refer to the highest P/S group of stocks as the 

"technology segment". 

3.2.2 Data on Hedge Fund Holdings 

We use data on stock holdings of hedge fund managers from the 

CDA/Spectrum Database maintained by Thomson Financial, which is based on 13F 

filings with the SEC. These data allow us to track positions in individual stocks at 

60 



quarterly frequency. The data do not suffer from the selection biases inherent in 

commercial databases on hedge funds, which are based on information provided 

voluntarily by hedge funds. 

Since 1978, all institutions with more than $100 million under discretionary 

management are required to disclose their holdings in U. S. stocks and a few other 

securities to the SEC each quarter on fonn OF This concerns all long positions 

greater than 10,000 shares or $200,000, over which the manager exercises sole or 

shared investment discretion. 13F filings do not contain information on short positions 

or options written. This is clearly a limitation, because the ability to go short is one of 

the defining characteristics of hedge funds. As we explain in more detail below, we 

use hedge fund returns data to back out their short positions indirectly. The 13F 

reporting requirements apply regardless of whether an institution is regulated by the 

SEC or not, and it also applies to foreign institutions if they "use any means or 

instrumentality of United States interstate commerce in the course of their business. " 

Hence, it also applies to hedge funds, provided that their holdings of U. S. stocks 

exceed the specified thresholds. 7 

We identify candidate hedge fund managers from the first quarter of 1998 

issue of the Money Manager Directory published by Hedge Fund Research, Inc. 

(HFR), a table on hedge fund performance published in the February 19,1996 issue of 

Barron's, and a list of hedge fund managers with assets under management in excess 

of $500 million as of December 1995 in Cottier (1997). The period we investigate in 

this paper is 1998-2000. We use only sources published prior to the start of this period 

The SEC provides detailed information and a 13F FAQ page on these reporting requirements at 
sec. gov. Gompers and Metrick (2001) provide summary statistics and further information about 

the CDA/Spectrum database. 
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to ensure that our hedge fund sample is not biased towards ex-post more successful 

funds. 

We look up each candidate hedge fund manager by name in the 

CDA/Spectrum database. We find records for 71 managers. These are relatively large 

managers that hold sufficient amounts of U. S. stocks to exceed the $100 million 

reporting threshold. In a second step, we have to deal with the problem that the 

reporting entity is the institution, not the fund. For example, all holdings of Soros 

Fund Management are aggregated into one position. It is not revealed which of these 

pertain to, say, the Quantum Fund, which is one of the funds managed by Soros. This 

means that we have to discard some managers because hedge fund assets only make 

up a small part of their aggregated institutional portfolio. For example, Montgomery 

Asset Management is one of the candidate hedge fund managers in our sample, but its 

13F filings also include the positions of its large mutual fund business and other non- 

hedge products. We apply the following selection criteria. For each manager, we 

check whether the firm is registered as investment adviser with the SEC. Registration 

is a prerequisite to conduct non-hedge fund business such as advising mutual funds 

and pension plans. If the firm is not registered, we include it in our sample. This is the 

case for most large well-known managers, e. g., Soros Fund Management or Tudor 

Investment Corporation. If the manager is registered, we obtain registration 

documents (Form ADV). For a registered firm to be eligible for our sample, we 

require (a) that at least 50 percent of its clients are "Other pooled investment vehicles 

(e. g., hedge fands)" or "High net worth individuals", and (b) that it charges 

performance-based fees. This process leaves us with 53 hedge fund managers. 

Commonly, each firm manages multiple funds, so our sample comprises stock 

holdings of probably several hundred different hedge funds. 
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Having identified our sample of managers, we extract their quarterly holdings 

from the first quarter of 1998 to the last quarter of 2000. We take care to adjust 

properly for the splits-problem pointed out by Gompers and Metrick (2001), which 

causes reports filed after the 45-day deadline set by the SEC to be distorted by stock 

splits. In very few cases the filing is more than three months delayed. We discard 

these observations. For 16 manager-quarter observations in our hedge fund sample, 

there is an intermediate missing report. In this case, we assume that (split-adjusted) 

holdings remained unchanged from the quarter preceding the missing report. 

3.2.3 Summary Statistics 

Table 3.1 provides some summary statistics on our sample. As this paper is the 

first piece of research that looks at hedge fund stock holdings, the infonnation in 

Table 3.1 is noteworthy. The first column shows the number of managers for which 

we have a valid report. All of the 53 managers in our sample existed in the first 

quarter of 1998. The reason why some do not have 13F filings in the early quarters of 

the sample is that they did not hold a sufficient amount of U. S. stocks to cross the 

100 million reporting threshold. They may also disappear for the same reason. 

The second set of columns contains statistics on the distribution of stock 

holdings across managers. For these statistics, we sum up the total market value of all 

stock holdings for each manager. Compared with mutual fund managers, the mean 

holding of about $1 billion is small. 8 

8 Gompers and Metrick (200 1) report that the average mutual ftind institution (which usually comprises 
multiple funds) in the Spectrum database in 1996 managed in excess of $ 10 billion. 
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Table 3.1 
Summary Statistics 

The total sample comprises 53 hedge ftmd managers that existed prior to 1998, for which we have 
CDA/Spectrurn data, and which satisfy the inclusion criteria described in the text. The number of managers 
in the first column refers to those with a valid 13F filing in the given quarter. Stock holdings per manager 
is the sum of the market value of all stocks held by the manager at the end of the quarter. Portfolio 
turnover is defined as the minimum of the absolute values of buys and sells during a quarter t divided by 
total holdings, where buys, sells, and holdings are measured with end-of-quarter t-I Prices. Means, 
medians, and cross-sectional semi-interquartile ranges (s. i. q. r., one-half the difference between the 75th 
and 25th percentile) for portfolio turnover are annualized. 

Stock Holdings per Mgr. No. of Stocks per Mgr- Portfolio Turnover 
_ 

Aggregate 

Number Mean Median s. i. q. r. Mean Median s. i. q. r. Mean Median s. i. q. r. Stock Hldg: 

Year Qtr. of Mgrs. ($ mill) ($ mill) ($ mill) (ann. ) (ann. ) (ann. ) ($ mill) 

1998 1 35 1280 295 755 150 56 77 44,794 

2 42 1053 231 445 113 50 49 1.02 0.94 0.34 44,234 

3 42 728 145 364 71 44 30 0.83 0.57 0.40 30,594 

4 41 925 178 417 66 39 36 1.16 1.05 0.58 37,912 

1999 1 39 1070 216 538 74 47 39 0.98 0.84 0.55 41,742 

2 42 995 211 382 75 48 38 1.12 1.12 0.50 41,807 

3 43 927 244 426 69 37 42 1.28 1.32 0.46 39,879 

4 44 1136 270 615 83 46 41 1.02 0.95 0.51 49,981 

2000 1 43 1138 316 792 85 39 49 1.33 1.12 0.71 48,933 

2 44 772 246 383 67 37 41 1.19 0.99 0.75 33,988 

3 45 861 269 413 80 37 34 1.21 1.22 0.63 38,747 

4 48 812 190 427 100 45 37 1.06 0.77 0.70 38,989 

The median is much lower, which indicates that the distribution is skewed, with a few 

large managers accounting for the bulk of stock holdings. The five managers with the 

largest holdings in the first quarter of 1998-Soros Fund Management, Tiger 

Management, Omega Advisors, Husic Capital Management, and Zweig Di-Menna 

Associates-account for about 60 percent of total stock holdings. Aggregate stock 

holdings, reported in the last column, fluctuate between $31 billion and $50 billion. 

For comparison, TASS and MAR/Hedge, two of the major data providers in this area, 

estimate the total assets under management in the hedge fund industry at I the 

beginning of 2000 to be between $150-200 billion. This suggests that our data capture 
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a significant part of total hedge fund stock holdings. 

The third set of columns shows the number of stocks held by the hedge fund 

managers in our sample. With the mean at about 100 stocks and the median around 

50, these numbers show that hedge fund holdings are fairly concentrated, which is 

somewhat typical for active managers who make deliberate bets on a relatively small 

group of stocks or single segments of the market. 

In the fourth set of columns, we report the approximate portfolio turnover. We 

follow the CRSP mutual funds database and Wermers (2000) and define turnover as 

the minimum of the absolute values of buys and sells of a manager in a given quarter 

divided by her total stock holdings. This definition of turnover captures trading 

unrelated to in- or outflows. Since we calculate it from quarterly holding snapshots, it 

is of course understated. Even so, this turnover measure provides an important 

diagnostic. If hedge funds only did high-frequency trading, moving in and out of the 

same stock within a quarter, our quarterly holdings data would provide little 

inforniation. However, as the table shows, quarterly turnover is about 25 percent (100 

percent annualized). This is somewhat higher than turnover for the average mutual 

fund, which Werniers (2000) found to be 72.8 percent (annualized) in 1994, but it still 

indicates that a substantial part of holdings survives from one quarter to the next. This 

suggests that there is some low frequency component in their strategies that is 

captured well by quarterly holdings snapshots. It is precisely this low frequency 

component that we are most Interested In-that is, the overall allocation to a large 

market segment, rather than high-frequency trades in individual stocks. 

We also note that the hedge funds in our sample hold only around 0.3 percent 

of outstanding aggregate equity. This is not surprising, as aggregate stock holdings of 

hedge funds in our sample (about $30-50bn) are dwarfed by holdings of other 
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institutional investors, such as mutual funds and pension funds. We therefore want to 

emphasize that our aim is not to draw conclusions about causal links between changes 

in hedge fund holdings and price changes. Our interest in this paper centers on 

understanding the trading behavior of sophisticated and presumably close-to-rational 

investors when faced with a bubble, not on price impact. 

3.3 Did Hedge Funds Trade Against the Bubble? 

The first point we want to establish is whether hedge funds were attacking the 

bubble in technology stocks-by selling their holdings in this segment, or even by 

going short-or whether hedge funds were riding the bubble. According to the 

efficient markets view, rational investors should short assets they know to be 

overpriced. By contrast, the AIB (2003) model shows that they may want to ride 

bubbles for a while. For the time being, our working assumption is that hedge fund 

managers were aware of the bubble in technology stocks-for example, because they 

performed the back-of-the-envelope calculation of Ofek and Richardson (2001) we 

mentioned in the beginning. Of course, we also need to entertain the possibility that 

they failed to spot the bubble. We defer this issue until the next section. We start by 

analyzing the weight of technology stocks in hedge fund stock portfolios. To assess 

the effect of hedge fund short positions and derivatives, we also look at returns of 

hedge funds. 

3.3.1 Exposure to Technology Stocks: Portfolio Weights 

At the end of each quarter, we sum up all holdings retrieved from 13F reports 

across all managers to compile the aggregate hedge fund portfolio. As explained 

above, we define the technology segment as the high pnce/sales quintile of the 
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Figure 3.2: Weight of NASDAQ technology stocks (high P/S) in aggregate hedge fund 
portfolio versus weight in market portfolio. At the end of each quarter, we compute the weight, in 
terms of market value, of high P/S quintile NASDAQ stocks in the overall stock portfolio of hedge funds, 
given their reported holdings on form 13F. For comparison, we also report the value-weight of high P/S 
stocks in the market portfolio (all stocks on CRSP). 

NASDAQ, as this is a parsimonious way of capturing the most overpriced stocks. We 

compute the total market value of hedge fund holdings in the NASDAQ high P/S 

segment and relate them to the total market value of their entire stock holdings. For 

comparison, we also compute the weight of NASDAQ high P/S stocks in the market 

portfolio of all stocks on CRSP. Figure 3.2 shows the evolution of these weights over 

time. The columns show the weight of technology stocks in the aggregate hedge fund 

portfolio. The line represents the corresponding weights in the market portfolio. 

Relative price movements of course change relative weights in a portfolio. Therefore, 

hedge fund portfolio weights should be compared to market portfolio weights, rather 

than 3udged by their absolute level. 

The first striking fact in this figure Is that hedge funds generally held 

overweight positions in technology stocks. For example, when the NASDAQ peaked 

in March 2000, hedge funds had devoted 31 percent of their stock portfolio to th's 
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segment. For comparison, these stocks only commanded a weight of 21 percent in the 

market portfolio at that time. The evolution of these weights over time also reveals 

some interesting patterns. Following the build-up of an overweight position in late 

1998, hedge funds subsequently reduced their exposure. This is at least somewhat 

consistent with the remark of Soros Fund Managements' then-chief investment officer 

Stanley Druckenmiller that they were "calling the bursting of the internet bubble" in 

spring 1999.9 As it turned out, this call was too early. And while a reduction in weight 

is apparent, the move does not appear aggressive-after all, hedge funds continued to 

hold more than the market portfolio weight, despite the reduction. Yet, the reaction to 

the failure of the bubble to burst is more dramatic. Within just one quarter, hedge 

funds increased the weight of technology stocks from 16 percent to 29 percent in 

September 1999. The market portfolio weights only changed from 14 percent to 17 

percent. Interestingly, this increase occurred just before the final price run-up of 

technology stocks. From the end of September 1999 to February 2000, the high P/S 

segment of the NASDAQ gained almost 100 percent (see Figure 3.1). Relative to 

market portfolio weights, September 1999 marks the peak of technology exposure of 

hedge funds. The overweight then gradually declines over the following quarters. At 

the end of 2000, the weight is very close to the market portfolio weight. 

Could this tilt towards technology stocks in hedge fund portfolios be the result 

of preferential share allocations in initial public offerings (IPO)? Recently, there have 

been allegations that hedge funds and other institutional investors received favorable 

allocations of shares in "hot" EPOs-that is, stocks that would rise substantially on 

their first day of trading-in exchange for providing "kick-backs" to investment banks 

9 LCAfter having made money in the internet pre-January 1999, on the long side, we were too early in 

calling the bursting of the internet bubble. " (Wall Street Journal, August 10,1999, C 1). 
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in the fonn of inflated trading commissions (see Ljungqvist and Wilhelm 2002; Ritter 

and Welch 2002). One of the alleged practices involves "flipping", which means 

selling allocated shares on the first day of trading to capture the large initial return. 

Since we look at quarterly holdings snapshots, most of these flipped shares would not 

appear in our data. Hence, flipping activity cannot cloud our holdings analysis. 

However, EPO shares held over longer penods would be captured. To shed some light 

on this, we have split hedge fund holdings at each quarter-end into shares that newly 

an eared on CRSP (our proxy for the time of the IPO) over the previous 12 months 'K-p 

and the residual sample of non-EPO shares. For both samples, we find that hedge fund 

portfolios were tilted towards technology stocks in a similar manner. In terms of 

hedge fund investments, newly listed technology stocks therefore do not seem to be 

substantially different from those with a longer listing history. 

Overall, there is no evidence that hedge funds engaged in a substantial attack 

on the Technology Bubble. In contrast, at least until late 1999, their trading supported, 

rather than undermined the bubble. Hedge funds were riding the bubble, not fighting 

it. From an efficient markets perspective, these results are puzzling. Why would some 

of the most sophisticated investors in the market hold these overpriced technology 0.1 

stocks? And why would they devote a larger share of their portfolio to these stocks 

than other investors? 

Apart from our working assumption that hedge fund managers knew about the 

bubble, this initial analysis leaves open two further questions. First, there is certainly a 

possibility that hedge funds took short positions in technology stocks. If this were the 

case, looking at long positions only would clearly be misleading. We deal with this 

issue in the next subsection. Second, one might suspect that hedge funds may have 

reacted to the bubble by pulling out of stocks altogether, not just technology stocks-a 
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move that would not leave a trace in the portfolio weights in Figure 3.2. However, the 

aggregate hedge fund stock holdings shown in the summary statistics in Table 3.1 do 

not suggest that such a pull-out took place. 

3.3.2 Exposure to Technology Stocks: Return Regressions 

A shortcoming of the analysis up to this point is that our holdings data does 

not reveal the short positions of hedge funds. We now back them out from hedge fund 

returns. Similar in spirit to Sharpe (1992), we assume that hedge fund returns can be 

written as weighted average of the returns on a few asset classes plus some 

idiosyncratic return. Given our short sample period, we restrict ourselves to two asset 

classes: the market portfolio with return Rm and a portfolio of technology stocks with 

return RT-Without further loss of generality, we can then think of the asset allocation 

decision of hedge fund managers as involving two steps. First, allocate a fraction b (by 

value) of the total portfolio to the market portfolio. For a long-only fund without 

leverage, b is likely to be somewhere around one. For a market-neutral fund, which 

would offset long exposure to stocks with short positions, it would be around zero. 

Second, to achieve the desired exposure to technology stocks, reallocate a fraction g of 

the total portfolio value from the initial market investment to technology stocks. The 

return of this hedge fund can then be written as 

Rt = (b - g) Rmt +g RTt+ et 

where e, is the idiosyncratic return. 

(3.1) 

In Figure 3.2 above, we compared the ratio of hedge fund long positions in 

technology holdings to overall long stock holdings withMT, the weight of technology 

stocks in the market portfolio. Here we want to do a similar comparison, but using net 

investment figures, which take into account short sales. In our simple model, the net 
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investment in technology stocks as a proportion of the total portfolio (b - 9)MT + 9- 

The net investment in stocks overall is b. Taking the ratio and rearranging we get 

WT =MT +g('-MT) 

b 
(3.2) 

For a long-only fund tracking the market portfolio, we would have b=I and g=0, 

and hence, WT =: MT. For a market-neutral fund (b = 0) with some long exposure to 

technology stocks (9 ýý* 0). WTwould tend to infinity, because the net investment in 

stocks in the denominator is zero. If b<0, the meaning0f WTis different. 10 Therefore, 

we compute it only for funds that have b>0. To estimateWT, we can recover the 

parameters b and g in (3.1) from the following OLS regression 

Rt = cc +P Rmt +y (RTt 
-RMt) + Et - (3.3) 

Given our assumptions, it is easy to show that 0=b and y=g. 

This simple factor model is certainly not a perfect solution. First, if hedge 

funds invested in some other omitted asset classes, whose returns are correlated with 

RTor Rm, our estimates would be biased. However, it is not obvious which types of 

assets would be correlated in this way. Second, some hedge ftinds may also apply 

dynamic trading strategies, which generate non-linear exposure to asset class factors, 

implYing that a linear model is misspecified (Fung and Hsieh 1997; Agarwal and Naik 

2000). We performed an informal check of scatterplots and did not find much non- 

linearity in our sample of hedge fund returns. Overall, we believe that our simple 

model provides a reasonably accurate perspective on the direction of hedge funds' 

exposure to the technology segment. 

10 For funds with overall short exposure (b<O), a short exposure to tech stocks (g<O) would result in a 
ing in positive wT. This could be mitigated by usi the absolute value of bi Eq. (2). However, in that case, 

higher overall short exposure (b<<O) would raiseWT towards zero even though the portfolio now 
contains more short positions in tech stocks than before. This makes WT unsuitable to compare 
technology exposure across funds with positive and negative b. 
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We run the regression in Eq. (3.3) with monthly returns over the sample period 

April 1998 to December 2000. Our hedge fund returns data come from several 

sources. All returns are net-of-fees. For our first sample, we identify the five largest 

managers in terms of stock holdings at the beginning of our sample period. We were 

n'll able to obtain performance data for one fund per manager, and we construct an equal- 

weighted index of their returns, denoted LARGE. " Our second sample comprises 

hedge fund style indexes compiled by Hedge Fund Research, Inc. (HFR). HFR groups 

hedge funds according to their investment style and calculates performance indexes 

for each group. The HFR database includes non-surviving funds (see Agarwal and 

Naik 2000). We select those styles that are likely to have significant exposure to 

equities (we discard fixed income styles, for example). Third, we also calculate a 

monthly return series on a long-only "copycat" fund, denoted 13F. We construct it by 

adding up quarterly hedge fund holdings-as they appear in our 13F filings data- 

across all hedge funds. We know the technology exposure of this portfolio from 

Figure 3.2, and hence it allows us to check whether our results make sense. 

Table 3.2 presents our estimates. Panel A reports results for the index of large 

manager funds (LARGE). The estimated coefficients show that, on average, the 

largest hedge fund managers in our sample had positive exposure to the TECH factor 

(0.17). The coefficient on the TECH factor is significant at conventional significance 

levels (t-statistic 2.5 1). This translates into an implied technology weight of 49 

percent (standard error 8 percent), reported in the last column. This is even higher 

11 The data source is a merged database of MAR, TASS, and HFR. We thank Narayan Naik and Subhra 
Tripathy at the London Business School Center for Hedge Fund Research and Education for providing 
these data. Unfortunately, agreements with data vendors prevent us from disclosing the performance of 
individual hedge funds. 
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Table 3.2 
Exposure of Hedge Funds to the Technology Segment: Two-Factor Return Regressions 

This table reports the results of time-series regressions of monthly hedge fund return indexes on Rm, the 
CRSP value-weighted NYSE/AMEX/NASDAQ market index, and RT- Rm, the return on the NASDAQ high 
P/S portfolio minus the market return (the TECH factor). 

(x ß R�, ) + E, 

The sample period is April 1998 to December 2000. t-statistics for coefficient estimates are in parentheses. 
We use P and y estimates to computeWTI the implied ratio of net investments in technology stocks to net 
investments in stocks overall, with delta-method standard errors (see Campbell, Lo, and MacKinlay 1997, p. 
540) reported in brackets. Dependent variable in Panel A is an equal-weighted index of five funds managed 
by the five largest managers in our sample. In Panel B left-hand variables are returns on HFR style indexes, 
classified by HFR as follows: Equity Hedge ffinds invest in core holding of long equities, hedged at all times 
with short sales of stocks and/or stock index options. Equity Market Neutral investing seeks to profit by 
exploiting pricing inefficiencies between related equity securities, neutralizing exposure to market risk by 
combining long and short positions. Equity Non-Hedge funds are predominately long equities although they 
have the ability to hedge with short sales of stocks and/or stock index options. Macro involves investing by 
making leveraged bets on anticipated price movements of stock markets, interest rates, foreign exchange and 
physical commodities. Market Timing involves switching into investments-mostly mutual funds and money 
markets-that appear to be beginning an uptrend and switching out of investments that appear to be starting 
a downtrend. Short Sellers specialize in short-selling securities. Sector Technology funds emphasize 
investment in securities of the technology arena. In Panel C, the dependent variable is the monthly return on 
the aggregate long positions of hedge funds, as reported in their 13F fillngs and analyzed in Figure 3.2. 

Factor Loadings Implied Tech-Weight 
Index py adj. R2 WT 

Panel A: Equal-weighted index of largest funds in our sample (1998-2000) 

Large 0.42 0.17 0.56 0.49 
(3.51) (2.51) [0.08] 

Panel B: HFR hedge fund style indexes (1998-2000) 

Equity-Hedge 0.45 0.15 0.80 0.44 
(6.36) (3.92) [0.04] 

Equity Non-Hedge 0.74 0.16 0.86 0.34 
(9.07) (3.57) [0.03] 

Equity Market-Neutral 0.07 0.01 0.10 0.32 
(1.54) (0.53) [0.15] 

Market Timing 0.25 0.07 0.48 0.38 
(3.45) (1.67) [0.08] 

Short-Selling Specialists -1.00 -0.43 0.80 
(-5.93) (4.57) 

Macro 0.13 0.09 0.34 0.70 
(1.84) (2.13) [0.21] 

Sector Technology 0.71 0.57 0.86 0.84 
(5.29) (7.62) [0.081 

Panel C: Aggregate Long Porfolio (As in Figure 3.2) 

13F 1.13 0.29 0.89 0.37 

(9.97) (4.49) [0.03] 
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than the weight we found in Figure 3.2, which is about 21 percent on average. It 

reflects the fact that short positions can not only offset technology exposure, but also 

market exposure. Short positions of the latter kind can increase the relative weight of 

technology stocks (they lower the denominator inWT)- In fact, the relatively modest 

estimate of 0.42 for market exposure suggests that some short positions were used to 

offset market exposure. 

Panel B repeats the same exercise for different HFR style categories. Since our 

sample of hedge funds and the HFR universe are only partly overlapping, this analysis 

also provides useful additional information. A first glance at the results shows that 

coefficients on the market factor have the signs and magnitudes we would expect 

given the style categories. Equity-Market Neutral funds have 0 ýý 0. Equity Non-Hedge 

funds, which focus on long positions, have a market beta not too far from one. Short- 

Selling Specialists, on the other hand, have P= -1. With respect to loadings on the 

TECH factor and the implied technology weight, we find that Equity Non-Hedge and 

Equity-Hedge funds show the same patterns we observed in Panel A. Both have 

implied technology weights in excess of 30 percent. For Market-Timing funds, Macro 

funds, and Equity Market-Neutral funds, theWTpoint estimate is above 30 percent, 

too, but it is more imprecisely estimated. Low overall exposure to stocks (P) makes it 

hard to estimate the weight. Not surprisingly, Sector Technology funds have the 

highest WT, an artifact of their sector focus. More interestingly, Short-Selling 

Specialists are the only ones with negative exposure to the TECH factor. For every 

percent the NASDAQ high P/S segment return underperfon-ned the market, they 

earned 0.44 percent. SinceWThas a different meaning when P<0, we do not report it 

for this category of funds. The 7 estimates indicate, however, that they had short 
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exposure to the technology segment over and above the exposure obtained through 

their short positions against the market. 

Panel C shows the results for long positions portfolio OF If our simple two- 

asset class model held perfectly, we would expect the implied weight to be equal to 

the average weight of 21 percent from Figure 3.2. As the table shows it is 37 percent 

instead. The reason is that hedge funds not only had overweight exposure to the fifth 

P/S quintile, which is analyzed in Figure 3.2, but also to fourth and third, whose 

returns are highly correlated with the returns on the fifth quintile. This exposure is 

picked up by the TECH factor, too. 

In summary, Table 3.2 clearly shows that accounting for short positions 

strengthens rather than weakens our finding that hedge funds had strong long exposure 

to technology stocks. Short positions were used by many hedge funds-but mainly to 

offset market exposure, not technology exposure. Of course, these regressions only 

yield the average exposure over the entire sample period. We would also like to know 

whether the time pattem of exposures estimated from retums matches the pattem we 

found in holdings. We have to entertain the possibility that short exposure of hedge 

funds was concentrated in a short period, for example during 1999, which might not 

show up in the full-penod average. 

To address this point, we estimate the factor regression (3.3) with time-varying 

coefficients, using the Kalman Filter. Specifically, we consider the following model 

'y +ý 3t 

XRTt 

-Rmt)+ct (3.4) Rt =a+ ý 
It ++ ý2t 

ýMt 
+ý 

Stochastic variation in regression coefficients is captured by the unobserved state 

vector ýt , 
for which we assume the following dynamics 
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where the disturbances TI, and c, are normally distributed and mutually uncorrelated 

conditional on IRm I, ... , Rmt, RTIý 
... , 

RTt, R, ... Rt-I 1, and uncorrelated over time. 

We assume that shocks to alphas are completely transitory, and shocks to factor 

loadings are persistent, with both factors sharing the same persistence parameter 

These assumptions are somewhat restrictive, but necessary to keep the number of free 

parameters low enough for our relatively short sample. We run Kalman filter 

iterations to find the ML parameter estimates for this system. Based on these ML 

estimates, the Kalman filter provides forecasts of ý, conditional on {Rmi, 
... , Rmt, 

RTI, ... , RTt, R, ... Rt-11. In a second step, we employ a smoothing algorithin (see 

Hamilton (1994) for details). Intuitively, smoothing uses all the available sample 

information (t = 1,.., T ) to infer ý,, and hence factor loadings and the intercept at each 

point in time. 

Figure 3.3 presents our estimates. Market betas turn out to be fairly constant 

over time for all of our hedge fund groups, close to the means reported in Table 3.2. 

Therefore, we focus on TECH factor loadings. In the interest of parsimony, we group 

all HFR styles except short-selling specialists into one equal-weighted index, denoted 

HFR. Short-Selling Specialists (HFR SHORT) are considered separately. LARGE and 

13F are the same as before in Table 3.2. The 13F series is again useful to check the 

methodology, because we know from Figure 3.2 how the time-variation in exposure 

should look like. As Figure 3.3 shows, its time-varying loading on the TECH factor 

closely mirrors Figure 3.2: Technology exposure was highest relative to the market 
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Figure 3.3: Exposure of hedge funds to the technology segment: Smoothed Kalman 
Filter estimates. Time-series regressions of monthly hedge fund return indexes on Rm, the CRSP 
value-weighted NYSE/AMEX/NASDAQ market index, and the TECH factor, which is the return on the 
NASDAQ high P/S portfolio return RTminus the market return, are run like in Table 3.2, but allowing 
for stochastically time-varying regression slopes, estimated via Kalman filtering and smoothing. 
Dependent variables are 13F, the return on the portfolio of aggregate long holdings of all hedge funds 
from our 13F filings data, LARGE, an equal-weighted average of returns on five ftinds managed by the 
five largest managers in our sample, and HFR, which is an equal-weighted average across all HFR style 
indexes examined in Table 3.2, with the exception of short-selling specialists (HFR SHORT), which are 
considered separately. The figure shows the estirnated coefficients (7) on the TECH factor. 

portfolio around the end of 1999, and it decayed towards the end of 2000. Evidently, 

the Kalman filter does a good job in capturing the time-variation in exposure to the 

technology segment. 

Turning to the results of main interest, the graphs for HFR and LARGE show 

that factor exposures estimated from hedge fund returns are close to the factor 

exposures of our long-only portfolio (13F). They indicate an overweight on 

technology stocks during almost the entire sample period, with peaks in early 2000. 

This again ties in well with our findings in Figure 3.2. The exposure of short-selling 

specialists (HFR SHORT) is quite different, however, and shows remarkable timing. 

Until July 1999, their exposure is well described as being short the market portfolio 

(see Table 3.2), without much directional bias concerning the technology segment. 

Yet, after this date, they started going short on technology stocks. By the time of the 
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NASDAQ peak in March 2000, they already had a strong short exposure. 

Nevertheless, the essence is that even these funds, which do not do much else than 

shorting, did not attack the bubble before it was close to burst. 12 

Overall, the factor regression results confinn that our long positions data does 

not paint a misleading picture of hedge funds' exposure to technology stocks. In the 

remainder of the paper, we therefore return to our holdings data, as these allow to 

investigate questions that cannot be addressed with returns data-in particular, the 

trades of individual hedge funds in individual stocks. 

3.3.3 Portfolio Holdings of Individual Managers and Fund Flows 

So far we have couched our analysis in terins of the aggregate hedge fund 

portfolio. However, different managers may have taken different approaches in 

dealing with the bubble. Apart from revealing some aspects of the trading strategies of 

some highly sophisticated market participants, such differences in strategies would 

also be interesting, because they may have resulted in differences in fund flows. 

Shleifer and Vislmy (1997) argue that arbitrage is limited, because investors would 

withdraw capital from portfolio managers that lose money, even if these losses are 

simply the result of a temporary deepening of mispricing. We do not have sufficient 

data for a ftill-scale cross-sectional analysis, but we do have fund flows data to 

illustrate two prominent contrasting cases: Soros Fund Management and Tiger 

Management. 

Figure 3.4a examines the portfolio weights of the five managers with the 

largest stock holdings at the start of 1998. As we reported earlier, these five managers 

12 Note also that short-selling specialists are a rare species. Agarwal and Naik (2000) report that the 
HFR short-seller category contained 12 ftinds in December 1998 (compared with 223 for Equity-Hedge 
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Fig. 3-4a: Weight of technology stocks in hedge fund portfolios versus weight in market portfolio 

0.80 

0.60 

0.40 

0.20 

0.00 

Proportion invested in NASDAQ high P/S stocks 

Zweig-DiMenna ................. 

Soros 

Husic 

Market Portfolio 

--E Tiger Omega 

Mar-98 Jun-98 Sep-98 Dec-98 Mar-99 Jun-99 Sep-99 Dec-99 Mar-00 Jun-00 Sep-00 Dec-00 

Fig. 3.4b: Fund flows, three-month moving average 
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Figure 3.4: Investment in technology stocks and fund flows for individual hedge fund 
managers. For Figure 3.4a, we compute the end-of-quarter weight, in tern-is of market value, of high 
P/S quintile NASDAQ stocks in the overall stock portfolio of hedge funds, given their reported holdings 
on forin 13F. For comparison, we also report the value-weight of high P/S stocks in the market portfolio 
(all stocks on CRSP). Results are shown for the five managers With the largest overall stock holdings in 
March 1998. Figure 3.4b shows a three-month moving average of monthly fund flows backed out from 
monthly time-series of assets under management and fund performance for the Quantum Fund (Soros 
Fund Management) and the Jaguar Fund (Tiger Management). 

or 746 for the entire HFR sample). According to the Third Quarter of 2000 Asset Flows Report 

provided by TASS, short-sellers account for only 0.3 percent of all hedge fund assets. 

79 

Fund flows as proportion of assets under management 



account for about 60 percent of aggregate stock holdings in our sample. Similar to the 

analysis in Figure 3.2, we compute the weight of high P/S NASDAQ stocks-this 

time for individual funds-and compare them to the corresponding weights in the 

market portfolio. The results are consistent with anecdotal evidence on these 

managers' strategies. Tiger Management, for example, a well-known value-manager, 

invested only little in technology stocks. In 1999, Tiger eliminated virtually all 

investments in this segment. This is consistent with the widely reported refusal of 

Julian Robertson, manager of the Tiger Fund, to buy into the intemet bubble. The 

weights of Soros Fund Management were quite similar to Tiger at the end of 1998, but 

the firms took radically different paths in 1999. During the third quarter of 1999, 

Soros increased the proportion invested in the technology segment from less than 20 

percent to about 60 percent. Zweig-DiMenna and Husic also decided to keep an 

overweight of technology stocks. Omega, in contrast, structured the portfolio more 

along the lines of Tiger. 

To examine the relationship to flows, we back out fund flows from data on 

assets under management and fund performance. Unfortunately, our data on assets 

under management is incomplete. Among the funds managed by the five managers in 

Figure 3.4a, we are able to calculate complete monthly histories of flows only for the 

Quantum Fund (Soros Fund Management) and the Jaguar Fund (Tiger Management), 

which is an offshore version of the Tiger Fund. Other funds are either closed (no flows 

at all) or the data are updated only very irregularly. 

Figure 3.4b shows three-month moving averages of fund flows for Quantum 

and Jaguar in percent of assets under management. Flow patterns for both funds were 

relatively similar in 1998. However, this changed dramatically when their technology 

exposure diverged in mid-1999. Soros' subsequent perforinance benefited from the 
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final run-up of the bubble until March 2000, and the Quantum Fund attracted new 

capital. In contrast, the capital base of the Jaguar Fund was eroded by strong outflows. 

In October 1999, Tiger Management increased the redemption period for investors 

from three to six months in order to curb outflows-' 3 After mounting losses, Robertson 

announced the fund's liquidation in March 2000, just when prices of technology 

stocks started to tumble. 14 The fact that the manager positioned most strongly against 

the bubble had to liquidate Just before the bubble peaked provides a vivid illustration 

of the liquidation risks that give rise to limits on arbitrage in Shleifer and Vishny 

(1997). The Quantum Fund suffered from outflows when technology stocks started to 

decline and it was still heavily invested in this segment. Overall, though, Soros fared 

better than Tiger. Unlike Tiger, the managers who chose to ride the bubble are still 

around. 

3.4 Did Hedge Funds Time Their Exposure in Individual Stocks? 

Having established that hedge funds were riding the bubble, we now turn to 

the important question whether hedge funds did so deliberately-as predicted, e. g., by 

the AB (2003) model-or whether they simply failed to understand that a bubble had 

developed. The fact that hedge funds did not exit the technology stock segment very 

aggressively around the peak of the bubble implies that this is a plausible alternative 

hypothesis. Yet, looking at aggregate holdings perhaps obscures more successful 

timing at the individual stock level. After all, the fact that the NASDAQ high P/S 

segment peaked in March 2000 does not mean that all member stocks peaked in that 

quarter. This is underscored by Table 3.3, which shows the number of stocks that 

" New York Times, October 8,1999, Section C, p. 22. 
14 Financial Times, March 31,2000, p. 28. 
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Table 3.3 

Distribution of Price Peaks of NASDAQ Technology (High P/S) Stocks 

For each stock, we construct a quarterly total return index from 1998 to 2000, from which we determine 
each stock's price peak during this period. The table presents the number of stocks peaking per quarter 
1999 to 2000. It includes only stocks that belong to the NASDAQ high P/S segment at the time of their 
peak. 

Year Quarter Number of Peaks 

1999 1 58 
2 86 
3 38 
4 207 

2000 1 285 
2 98 
3 198 
4 49 

peaked in each quarter from 1999 to 2000. Many stocks peaked before or in quarters 

subsequent to March 2000. Hence, it is possible that hedge funds' holdings of 

technology stocks in early 2000 were well chosen in the sense that they were 

concentrated in stocks that did not crash yet. We investigate this possibility in this 

section. 

3.4.1 Hedge Fund Holdings around Stock Price Peaks 

As a first approach to this question, we look at hedge fund holdings around the 

price peaks of individual stocks. For each stock, we construct a quarterly total return 

index from 1998 to 2000. We define the price peak as the quarter-end at which this 

index takes its maximum value. To ensure that we can observe holdings several 

quarters before the peak, we restrict attention to stocks peaking in 1999 or 2000. For 

each stock, we also calculate the proportion of outstanding shares that is held by 

hedge funds. Using an event study framework, we align these quarterly series of hedge 

fund holdings in event time. Event-time quarter 0 is the quarter of the price peak. We 
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Figure 3.5: Average share of outstanding equity held by hedge funds around price peaks of 
individual stocks. For each stock, we construct a quarterly total return index from 1998 to 2000, from 
which we determine each stock's price peak during this period. Each quarter, we also calculate the 
proportion of outstanding shares that is held by hedge funds. For stocks with peaks in 1999 or 2000, we 
align these time-series of holdings in event time (value-weighted), where the price peak is the event-time 
quarter 0. We then average hedge fund holdings in event time across all stocks in the sample. The figure 
presents these event-time averages for three different samples of stocks: Stocks in the high P/S quintile of 
the NASDAQ, other NASDAQ stocks, and NYSE/AMEX stocks. 

then take a value-weighted average across stocks within three different samples: High 

P/S NASDAQ stocks, other NASDAQ stocks, and NYSE/AMEX stocks. 

Figure 3.5 presents the result. The first point to note is that for high P/S 

NASDAQ stocks, hedge funds owned a greater proportion of outstanding equity 

before than after the price peak. They held the maximum share of 0.54 percent one 

quarter before the price peak. At the end of the peak-quarter, this is already reduced to 

0.40 percent (Standard errors are close to 0.02 percent for NYSE/AMEX stocks, and 

they vary between 0.02 percent and 0.04 percent for NASDAQ stocks). There is a 

further decline in the post-peak quarters in which average returns are negative. 

interestingly, hedge funds seem to be much more successful in timing their 

investments within the high P/S segment of the NASDAQ than within other market 
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segments. While hedge fund holdings before price peaks in the technology segment 

are almost twice as high as for NYSE/AMEX stocks, there is not much difference 

several quarters after the peak. 

Hence, more so than the aggregate holdings data in Figure 3.2, these stock-by- 

stock results suggest that hedge funds had some success in exiting before prices 

collapsed. In pre-peak quarters, hedge funds held about twice as many shares as in 

post-peak quarters. For technology stocks, the average returns in the post-peak 

quarters are in the range of -20 percent. Hedge funds managers let other investors bear 

a greater share of this price collapse than of the price run-up before the peak. 

3.4.2 Positions in Individual Stocks 

To get further insight into how this bubble-timing game was carried out at the 

micro level, we take a look at some individual stocks. In spring of 1999, Richard 

Thaler conducted a survey of professional investors, asking for their opinions on 

valuation levels of five intemet stocks (Thaler 1999). The median response was that a 

portfolio of America Online, Amazon. com, eBay, Priceline. com, and Yahoo! was 100 

percent overvalued. Given this apparent consensus on mispricing, it is an interesting 

question to see what hedge fund managers actually did. Since hedge fund holdings for 

America Online during the period leading up to its acquisition of Time Warner may be 

affected by merger arbitrage activities, we replace it by Qualcomm. With a return of 

, ill, about 2,600 percent, Qualcomm was the best performing stock on NASDAQ in 1999 

and hence an interesting case. For these stocks we compute the proportion of 

outstanding equity held by hedge funds, and the return for each quarter, depicted in 

Figure 3.6. 
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Fig. 3.6: Hedge fund holdings and quarterly returns for five individual internet stocks. The 
share of outstanding equity held by hedge funds at the end of each quarter is represented by the columns 
and reported in percent, and with the corresponding axis on the left. The lines plot returns within each 
quarter, with the corresponding axis on the right. 
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The picture that emerges from this figure can be summarized as follows. When 

returns were positive-frequently in the range of 50 percent or 100 percent per 

quarter-hedge funds had considerable holdings. But this exposure was drastically 

reduced before prices collapsed. The prices of Qualcomm and Yahoo! peaked in 

December 1999, accompanied by a drastic reduction in holdings in the same and in 

the following quarter. Amazon. com peaked in March 1999, and subsequent holdings 

are much lower. eBay saw its peak in March 2000, again accompanied by reductions 

in hedge fund holdings. Only for Priceline. com the picture is less clear. This fits well 

with our event study evidence from above. 

The extraordinary spike for Qualcomm in September 1999 deserves some 

special attention. Hedge fund holdings shot up to 6 percent of outstanding equity. it 

turns out that most of these trades originated with Soros Fund Management. 15 The 

figure shows that this investment paid off handsomely in the next quarter. These 

patterns are at least suggestive of behavior along the lines of the DSSW (1990b) 

feedback-trading model. It is perceivable that the bubble in Qualcomm may have been 

further inflated by Soros' trading activities, which in turn prompted further buying of 

positive feedback traders in subsequent periods. But to verify this, one would have to 

conduct further tests that are beyond the scope of this thesis. Overall, these results on 

timing in individual stocks underscore the fact that hedge funds did not exert a 

correcting force on prices until the bubble was about to burst. 

15 Qualcomm's public float at the end of 2000 was approximately 79 percent of shares outstanding, 
which further raises Soros stake in terms of freely floatmig shares (see the first quarter of 2000 investor 
fact book at www. qualcomm. com). 

86 



3.4.3 Characteristics-Adjusted Performance 

If hedge fund managers indeed had skill in picking stocks and in timing the 

bubble on an individual stock level, this should also be detectable in a standard 

performance evaluation framework. In this subsection, we therefore look at portfolios 

that replicate the holdings of hedge fund managers-to the extent they are visible in 

our quarterly data. We compare them to suitable benchmark portfolios to determine 

nil abnon-nal perforniance. Specifically, we forin "copycat" funds that invest in aggregate 

hedge fund shareholdings at each quarter-end from March 1998 to December 2000.16 

We forin three of these copycat funds, one for the NASDAQ high P/S quintile, one for 

other NASDAQ stocks, and one for NYSE/AMEX stocks. Within each copycat fund, 

we weight returns for each stock in proportion to the value of hedge fund holdings. 

To get a first impression of hedge fund performance, Figure 3.7 plots the total 

return index of the NASDAQ high P/S copycat portfolio against the value-weighted 

return on the entire NASDAQ high P/S quintile. The results are intriguing. The figure 

shows that around the peak of the bubble-from September 1999 to September 

2000-technology stocks held by hedge funds performed much better than other 

technology stocks. This confirms what we conjectured earlier-namely that, in 2000, 

hedge funds holdings were concentrated in technology stocks that did not really crash 

yet. 

Turning to a more formal evaluation of performance, we follow established 

methodology from the mutual ftind literature (Daniel, Grinblatt, Titman, and Wermers 

1997; Chen, Jegadeesh, and Wermers 2000) and measure abnormal returns relative to 

characteristics-matched benchmark portfolios. To calculate benchmark returns, we 
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Figure 3.7: Performance of a copycat fund that replicates hedge fund holdings in the 
NASDAQ high P/S segment. At the end of each quarter, we form a portfolio that replicates aggregate 
hedge fund holdings in the NASDAQ high P/S segment as of that quarter-end. Stocks are held until the 
portfolio is rebalanced at the end of the next quarter. The figure shows the value-weighted buy-and-hold 
return on this portfolio and the portfolio of all high P/S NASDAQ stocks (log scale). 

sort all NASDAQ stocks into quintiles based on size, and we subsort within these 

groups, first into P/S quintiles, and then into past six-month return quintiles. Returns 

are value-weighted. We repeat the same exercise for NYSE/AMEX stocks, which 

yields a second set of 125 benchmark portfolios. We calculate abnormal returns for 

each stock by subtracting the return of its matched benchmark portfolio. 

Table 3.4 presents the results. We compute performance measures separately 

for each of the four quarters following a 13F report. For example, the copycat 

portfolio in the first row (Qtr +1) invests in stocks held by hedge funds at the end of 

March 1998, and it holds them until the end of June 1998, when the portfolio is 

rebalanced based on end-of-June 1998 filings, and so on. In the second row (Qtr +2),, 

the June to September 1998 portfolios are built on March 1998 13F filings, the 

October to December 1998 portfolios are based on June 1998 filings, etc. 

16 Of course, 13F filings are not public yet at the end of the quarter. Owing to the reporting deadline, it 
takes at least 45 more days for this information to become public. Hence, this copycat fund could not be 

implemented this way in reality. 
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Table 3.4 
Characteristics-Adjusted Performance of Hedge Fund Portfolio 

At the end of each quarter t, we form a portfolio that mimics aggregate hedge funds' holdings (Copycat), 
based on holdings reported in the end of quarter t 13F filings. We form three sets of copycat portfolios: one 
for the NASDAQ high P/S quintile, one for other NASDAQ stocks, and one for NYSE/AMEX stocks. We 
compute buy-and hold returns for each quarter t+1 to t+4. Returns in the Copycat portfolio are weighted by 
the $-value of hedge funds' holdings (number of stocks times price). Portfolio returns are then averaged in 
event time. The first row reports the average return in quarter t+l, i. e., in the first quarter following the 13F 
report. The second row reports the return in quarter t+2, etc. The two left-hand sets of columns report the 
average number of stocks and market capitalization of the entire market segment (Total) and the Copycat 
portfolio. The first formation date is end of March 1998, the last one is end of December 2000. Abnormal 
returns are measured relative to size, P/S, and past six-month returns characteristics-matched benchmark 
portfolios. Returns are given in percent per quarter. 

Quarterly Abnonnal Returns 
Quarters Number ot'Stocks Value in $bn. Copycat Portt , 0110 

Market Segment after 13F Total Copycat Total. Copycat Mean t -statistic 

High P/S NASDAQ stocks +1 720 320 2071 8.0 4.51 (1.87) 

(Technology Segment) +2 2.71 (2.02) 

+3 0.39 (0.22) 

+4 1.01 (0.77) 

Other NASDAQ stocks +1 3163 472 1236 4.1 0.55 (0.58) 

+2 0.36 (0.30) 

+3 -1.64 (-1.12) 

+4 -0.89 (-0.55) 

NYSE/AMEX stocks +1 2118 885 9891 25.0 0.24 (0.31) 

+2 0.25 (0.31) 

+3 0.32 (0.30) 

+4 -0.48 (-0.45) 

The (arithmetic) mean abnormal returns in the technology segment are 

striking. The Qtr +1 copycat portfolio on average outperforms by 4.5 percent per 

quarter. The outperformance appears quite long-lived, as Qtr +2 adds some more 

n, k 
abnormal returns, albeit at a lower magnitude. There is no reversal of this 

outperformance in Qtr +3 and Qtr +4. In economic terms, these magnitudes are large. 

Incorporating transaction costs would do little to change this. The quarterly turnover 

igh P/S copycat portfolio is about 25 percent. in the hi IIA round-trip trading cost of 1.5 

percent-this is more towards the upper end of the institutional trading costs 
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(including market impact) for NASDAQ stocks estimated by Keim and Madhavan 

(1997)-would then reduce the outperforinance in Qtr +1 to a still large 4.1 percent. 

Of course, given our short sample period of twelve quarters, our statistical power to 

distinguish skill from luck is quite limited. It is rather surprising that the Qtr +1 and 

Qtr +2 abnonnal returns are statistically significant at 10 and 5 percent levels, 

respectively, and it highlights the large magnitudes of abnormal returns. 

We want to emphasize, though, that we do not aim to draw general 

conclusions about hedge fund manager stock-picking skills. What we can say based 

on Table 3.4 and Figures 3.5 and 3.7 is that, in this particular situation during the 

bubble period, hedge fund managers' technology stock picks performed much better 

than those of the average investor. The rather unusual nature of this outperforniance is 

underscored by the fact that none of the abnonnal returns for other NASDAQ stocks, 

or NYSE/AMEX stocks comes close to the outperformance figures we find in the 

technology segment. They are all much closer to zero and statistically insignificant. 

Overall, these results support our earlier working assumption that hedge fund 

managers understood that technology stocks were overvalued and prices would come 

down eventually. The evidence shows that they traded accordingly. The fact that their 

outperformance was concentrated in the technology segment is further consistent with 

the intuition expressed, for example, in AB (2003) and DSSW (1990b) that price 

bubbles present particularly good profit opportunities to rational speculators, if the 

sentiment of unsophisticated investors supporting the bubble is predictable to some 

extent. These potential gains are precisely the reason why riding a bubble can be a 

rational strategy in these models. 

Of course, hedge fund trading strategies are likely to be more complicated than 

in these stylized models. So how did hedge funds achieve this outperfonnance? 
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"Trend- following", which may involve rather complex technical trading rules, is a 

popular trading style among hedge funds (Fung and Hsieh 1997). Some readers 

therefore wondered whether the outperfon-nance we find could simply be the result of 

trading on a mechanical Jegadeesh and Titman (1993)-type momentum rule. This Is 

unlikely to be the case, however, because our performance benchmarks control for 

momentum. Yet, in its more complex sense, there could be some correspondence 

between "trend-following" and the behavior of rational speculators in bubble models. 

It may be that technical signals allow hedge funds (implicitly) to forecast the 

sentiment of less sophisticated investors, which is crucial in feedback-trader models of 

the DSSW(1990b)-type, and in the behavior of other speculators, which is emphasized 

in coordination-failure models like AB (2003). 

3.5 Conclusions 

The efficient market hypothesis is based on the presumption that rational 

investors prevent price bubbles by trading against mispricing. In this paper, we study 

the behavior of some of the most sophisticated investors during a bubble period. 

Specifically, we analyze stock holdings of hedge funds during the Technology Bubble 

1998-2000. We establish two main facts. 

First, hedge funds were riding the Technology Bubble, not attacking it. On 

average, hedge fund stock portfolios were heavily tilted towards technology stocks. 

This suggests that short-sales constraints, emphasized in recent work on the 

Technology Bubble (Ofek and Richardson 2003; Cochrane 2002), are not sufficient to 

explain the failure of rational speculative activity to contain the Technology Bubble. 

Short-sale constraints and arbitrage risks alone can rationalize reluctance to take short 
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positions, but not why sophisticated investors would buy into the overpriced 

technology sector. 

Second, on a stock-by-stock basis, hedge funds reduced their holdings before 

prices collapsed. Within the technology segment-and only there-they outperformed 

standard characteristics-matched benchmarks. This is consistent with hedge fund 

managers having understood that prices of these stocks would eventually deflate. It 

seems that the investor sentiment driving the Technology Bubble was predictable to 

some extent, and hedge funds were exploiting this opportunity. Under these 

conditions, riding a price bubble for a while can be the optimal strategy for rational 

investors, as, for example, in Abreu and Brunnermeler (2003). 

Alternatively, it is also possible that hedge funds may have been particularly 

lucky in their technology investments during our sample period. After the fact, it is 

hard to infer the motives behind hedge fund managers' trading decisions, and our 

short sample does not allow us to carry out very powerful tests. Nevertheless, the 

economic and statistical significance of hedge funds' outperfoirmance and the fact that 

it was concentrated in the technology segment suggests, at least, that luck may not be 

the most likely explanation. 
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Chapter 4 

Short Sales, Institutional Investors, and the Book-to-Market 

Effect 

4.1 Introduction 

The fact that low book-to-market (growth) stocks underperfon-n high book-to- 

market (value) stocks 17 after adjusting for market risk (Fama and French 1992) is one 

of the major puzzles in asset pricing. The ongoing debate centers on the source of this 

return predictability. Fama and French (1993,1995) argue that the value premium is a 

rationally priced compensation for exposure to distress risk. In contrast, Lakonishok, 

Shleifer, and Vishny (1994) propose that the effect is caused by systematic 

expectational errors on the part of investors. The puzzle has yet to be resolved. 

Several papers document results which favor the mispricing story (e. g. La Porta et al. 

1997; Daniel and Titman 1997; Griffin and Lemmon 2002), others find support for a 

risk-based explanation (e. g. Lewellen 1999; Liew and Vassalou 2000; Lettau and 

Ludvigson 2001; Campbell and Vuolteenaho 2002). 

This paper explores the mispricing hypothesis. For book-to-market mispricing 

to persist in the presence of sophisticated professional investors, there must exist some 

limits to arbitrage. In this paper, I focus on the role of short-sale constraints. To short- 

sell a stock, investors have to borrow it first. Costs and risks associated with 

borrowing stocks can constrain the ability of rational arbitrageurs to trade against 

overpricing. Therefore, if the mispricing hypothesis is correct, and growth stocks eam 

17 Throughout the text I use "growth" as synonym for low book-to-market and "value" for high book-to- 

market. This is done merely for expositional simplicity. 
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low returns because they are overpriced, this overpricing should be most pronounced 

in market segments where short selling is most constrained. 

A simple test of this conjecture would be to check whether the book-to-market 

effect is stronger among stocks with low supply of lendable shares. Unfortunately, 

existing data sets on stock loans and lending fees, analyzed in D'Avolio (2002a) and 

Geczy, Musto, and Reed (2002), only cover time penods of less than two years, which 

is much too short for expected-return tests. However, D'Avolio (2002a) documents 

that the main providers of loan supply in the market for borrowing stock are 

institutional investors. Correspondingly, he finds that the degree of institutional 

ownership explains about 55 percent of the variability in loan supply across stocks. 

When institutional ownership is low, stocks are also more likely to be on "special" 

that is, expensive to borrow. The fact that there is such a close relationship suggests 

that institutional ownership should be a good proxy for stock loan supply. 

This provides a feasible way of testing the short-sale constraints story. One 

immediate implication-and my central hypothesis-is that book-to-market should 

forecast returns most strongly among stocks with low institutional ownership. In 

particular, this effect should be driven by growth stocks. Value stocks, which tend to 

earn positive abnonnal returns, are unlikely to be overpriced to begin with, so short- 

sale constraints should not impact their returns. Second, book-to-market effects should 

be weak for stocks held by investors who are large and active lenders of stocks. Third, 

one might expect other return predictability effects that have to do with short-sale 

constraints to be most pronounced among growth stocks with low institutional 

ownership-that is, among stocks that are most likely to have binding short-sale 

constraints, according to the first hypothesis. 
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To develop clean tests of these hypotheses one must address the fact that the 

degree of institutional ownership is strongly correlated with firm size. Size may proxy 

for limits to arbitrage and frictions other than the specific short-sales mechanism that 

is the focus of this paper. Therefore, in portfolio-based tests, I use residual 

institutional ownership as a sorting variable, which is the percentage of shares held by 

institutions, adjusted for size in a cross-sectional regression. Moreover, to be 

conservative, all tests are conducted on stocks above the 20th NYSE/AMEX size 

percentile. This exclusion ensures that the results are not simply a restatement of the 

well-known fact that the smallest growth stocks have anomalously low returns (Fama 

and French 1993). 

My findings support the predictions of the short-sale constraints story. Holding 

size fixed, the magnitude of the value premium increases sharply with lower 

institutional ownership. Within the lowest residual institutional ownership quintile, 

growth stocks underperform value stocks by a striking 1.45 percent per month over 

the sample period 1980-2001. In the highest quintile, however, the value premium is 

only 0.38 percent. As predicted by the short-sale constraints story, this variation in 

value premiums is driven entirely by growth stocks: average raw returns of growth 

stocks vary from -0.09 percent to 1.01 going from low to high residual institutional 

ownership. This is consistent with the view that short-sale constraints allow growth 

stocks with low institutional ownership to be overpriced. As predicted by the second 

hypothesis, I also find that growth stocks held by investors with large stock lending 

programs underperfon-n less. Specifically, growth stocks held by the Vanguard500 

index fund or Dimensional Fund Advisors-two of the largest passive investors and 

major suppliers of stock loans in large and small-cap stocks, respectively-earn. higher 

returns than other growth stocks. 
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The severe underperformance of growth stocks with low institutional 

ownership does not appear to be explainable by covariance with nsk factors. Even 

with the Fama-French three-factor model, the unexplained abnormal return of growth 

stocks with low institutional ownership is still -1.09 percent per month. Of course, 

these results call into question the notion that the value-growth return spread 

employed in the three-factor model is a risk factor to begin with. Moreover, the 

underperformance of growth stocks with low institutional ownership turns out to be 

most pronounced in a short window around quarterly earnings announcements. This 

suggests that overpricing tends to be corrected on days when infonnation is revealed. 

It would be difficult to explain these findings with any risk-factor story. 

Yet there is growing evidence that constraints on short-selling can lead to an 

optimism-bias in pnces (Chen, Hong, and Stein 2002; Diether, Malloy, and Scherbina 

2002; Jones and Lamont 2002; Ofek, Richardson, and Whitelaw 2002; Reed 2001). 

My results tie in with this literature. In particular, tests of the third hypothesis show 

that the Chen, Hong, and Stein ABREADTH variable (changes in breadth of mutual 

fund ownership) is most strongly related to subsequent returns among growth stocks 
I 

with low institutional ownership-that is, precisely when short-sale constraints are 

most likely to bind. Similarly, the momentum effect for loser stocks, which has been 

linked to short-sale constraints in prior research, also turns out to be most pronounced 

in this market segment. This consistency with existing work in this area provides 

ftirther support for the view that institutional ownership really captures stock loan 

supply, and not some other, as yet unknown effect. Overall, my findings advance this 

literature by showing that constraints on short selling can help to understand one of 

the major cross-sectional asset pricing puzzles. 
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The results also fit well with the findings of Ali, Hwang, and Trombley 

(2002). They show that book-to-market effects are stronger when arbitrage risk is 

higher and investor sophistication is lower along various dimensions, where 

institutional ownership is one of their measures. My paper adds to their results in 

several important ways. First, unlike their single univariate portfolio sort, my 

methodology shows that the effect of institutional ownership on book-to-market 

predictability is not driven by the correlation of institutional ownership and firin size, 

nor by a variety of other potentially confounding effects, nor by their short sample 

period. Second, my tests help to uncover the specific channel-short-sale 

constraints-through which institutional ownership impacts book-to-market 

predictability. Aspects that point into this direction are the asymmetric effect of 

institutional ownership on value and growth stock returns, the results on active lender 

ownership, and the findings on ABREADTH and loser momentum. 

At the same time, my findings do not imply that the transaction costs of selling 

short must render short selling of growth stocks unprofitable. In fact, we know from 

Geczy, Musto, and Reed (2002) and Jones and Lamont (2002) that the direct costs of 

implementing such strategies are probably too low to fully explain why short-sellers 

are not more aggressive. Yet there are reasons to expect that other limits to arbitrage 

are particularly significant for stocks that are difficult to short. For example, 

borrowing stocks with low loan supply involves some specific risks that might also 

deter arbitrageurs. In addition, low institutional ownership could impair the 

effectiveness of the short-selling mechanism in bringing about price efficiency 

through a variety of other channels. I discuss some of them in Section 2 below. 

The remainder of this chapter is organized as follows. Section 4.2 discusses 

the mechanisms of short selling and develops the hypotheses. Section 4.3 describes 
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the data and methodology Section 4.4 shows how the strength of the book-to-market 

effect varies with proxy measures of stock loan supply. Section 4.5 demonstrates that 

the results are not explained by risk factors. Section 4.6 examines how other 

phenomena attributed to short-sale constraints in the previous literature relate to the 

findings in this paper. Section 4.7 presents a battery of robustness checks. Section 4.8 

discusses some alternative interpretations of the evidence. Section 4.9 concludes. 

4.2 Theory and Hypotheses 

When investor opinions about the value of an asset differ, short-sale 

constraints can prevent pessimistic opinions from being expressed in prices, as 

pointed out by Miller (1977). Overpricing is possible. Relatively optimistic investors 

will end up holding overpriced assets. Of course, in a rational expectations world as in 

Diamond and Verrechia (1987), short-sale constraints do not lead to mispricing 

conditional on public inforination, because investors are aware of short-sale 

constraints and adjust their asset demands accordingly. However, when investors 

agree to disagree, for example because they are overconfident, suffer from some other 

cognitive biases, or have non-common priors, the Miller hypothesis can go through. 

This reasoning presents a potential explanation for the book-to-market effect: Growth 

stocks may have such low returns because some optimistic investors overvalue them, 

and arbitrageurs are constrained from selling them short. 

Why might short selling be constrained? One factor is the transaction cost 

borne by short-sellers. They must borrow shares from an investor who owns some of 

them and who is willing and able to lend. The short-seller must leave collateral with 

the lender. For large investors this is typically cash equal to 102% of the market value 
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of the borrowed shares. The lender pays the short-seller interest-the "rebate" rate- 

on this collateral. When the supply of lendable shares is plentiful, this rebate rate is 

commonly close to the prevailing market rate for cash funds. Such stocks are referred 

to as "general collateral". When loan supply is scarce, however, the rebate rate may be 

lower, or even negative. The stock is said to be trading on "special". The difference to 

the interest rate on cash funds is a direct cost to the short-seller and a benefit to the 

lender. 18 

Obviously, if every investor were willing and able to lend in a competitive 

market, the lending fee would be zero. However, not all investors lend. Duffie (1996), 

Krishnamurty (2002), and D'Avolio (2002b) show how specialness and overpncing 

arise endogenously when loan market participation constraints are present, and 

investor opinions diverge. 19 When differences in opinion are sufficiently large, 

borrowing demand from short-sellers absorbs the entire supply provided by lenders, 

and the lending fee can be greater than zero. In such a constrained equilibrium, asset 

prices are determined by the opinions of non-lending investors who have to hold the 

entire float, while demands of lending investors and short-sellers exactly offset each 

other. One implication of these models is that short-sale constraints are more likely to 

be binding for stocks that are predominantly held by non-lending investors. For these 

stocks, a relatively small dose of optimism from non-lending investors suffices for 

short-seller demand to exceed the loan supply provided by lending investors. 

18 More institutional details of the market for stock loans can be found 'in D'Avolio (2002a) and Duffie, 
Gdrleanu, and Pedersen (2002). 
19 Short-sale constraints also have a number of dynamic implications, which can further amplify 
mispricing. Harrison and Kreps (1978), Allen, Moms, and Postlewaite (1993), and Scheinkman and 
Xiong (2002), for example, point out that once short selling is constrained, prices can even exceed the 

marginal valuation of the most optimistic investor. This is due to an option value: There is some chance 
that diverg 

i 
ence 

i 
in beliefs may be higher *in the future, allowing a resale of the asset at an even higher 

price. Similar implications follow from the search-friction model of Duffle, Gdrleanu, and Pedersen 
(2002). 

99 



In equity markets, institutional investors provide the bulk of loan supply. Large 

unds passive index funds, insurance companies, and pension f are the most active 

lenders. Correspondingly, D'Avolio (2002a) finds that the degree of institutional 

ownership explains 55% of cross-sectional variation in loan supply and is its most 

important determinant. 20 Moreover, he finds that stocks are more likely to be on 

"special", and hence costly to short, when institutional ownership is low. If some 

(non-lending) investors become optimistic about a stock, this is more likely to lead to 

short-sale constraints and overpricing when institutional ownership is low. Thus, if the 

book-to-market effect is indeed driven by overpricing of growth stocks, it should be 

most pronounced among stocks with low institutional ownership. Note however that 

the short-sale constraints theory only predicts overpricing. Prices of value stocks, 

which are unlikely to be overpriced to begin with, should not be affected by the 

availability of stock loan supply. This conjecture is summarized in the following 

hypot esis: 

Hypothesis 1: Expected returns of low book-to-market (growth) stocks are lower 

when institutional ownership is low. Expected returns of high book-to-market (value) 

stocks do not vary with institutional ownership. 

However, even for stocks held by only few institutional investors, loan supply 

could, in most cases, be adequate to satIsfy short seller demand, provided that at least 

one of these investors is a sufficiently large and active lender of stocks. I therefore 

also test the following hypothesis: 

20 D'Avolio (2002a), using data over five quarters from April 2000 to 
i 
June 2001, fmds that institutional 

ownership explains between 49 and 62 percent of cross-secti variation in loan supply i in univariate 
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Hypothesis 2: Expected returns of growth stocks are higher when they are held by 

investors that are large and active lenders ofstocks. 

In a world according to Hypothesis 1, growth stocks with low institutional 

ownership are the most strongly short-sale constrained stocks because two conditions 

coincide. First, there are some investors who overvalue the asset, which gives rise to 

21 
shorting demand . Second, there is little loan supply. Given this, one would expect 

that other return-predictability effects that have to do with short-sale constraints be 

most pronounced within the segment of low institutional ownership growth stocks. 

Chen, Hong, and Stein (2002), for exainple, show that with short-sale constraints in 

place, breadth of ownership, i. e. the number of investors holding a stock, should be 

positively related to future returns. The intuition is that overpriced stocks are only held 

by a few optimists, while pessimists-unable to go short-sit on the sidelines. Their 

evidence shows that changes in breadth of mutual fund ownership indeed forecast 

returns in the predicted direction. Short-sale constraints are crucial for this story to 

work. Without short-sale constraints, pessimists would eliminate overpricing, and 

breadth of ownership would be unrelated to future returns. 

Some researchers have also argued that the Jegadeesh and Titman (1993) 

momentum effect-the return continuation at horizon of 6-12 months-could be 

linked to short-sale constraints. Hong, Lim, and Stein (2000) find that the momentum 

effect is stronger among small stocks, and that the return continuation is most 

pronounced among stocks with strongly negative past returns (loser stocks). They 

regressions. Adding other variables like firm size, book-to-market, and turnover, among others, never 

adds more than 4 percent to the R2. 
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point out that short-sale constraints may prevent arbitrageurs from driving prices 

down when small stocks experience bad news, resulting in delayed reaction. These 

arguments lead to the third hypothesis: 

Hypothesis 3: Return predictability effects attributed to short-sale constraints in 

prior research (changes in breadth of mutual fund ownershi effect; return 

continuation for loser stocks) are most pronounced among growth stocks with low 

institutional ownership. 

Of course, at this point it is not certain that the breadth of ownership and loser 

momentum effects are really caused by short-sale constraints. One has to entertain the 

possibility that these variables in fact proxy for something else. In this sense, I view 

the third hypothesis as an auxiliary hypothesis. Nevertheless, it would be useful to 

find out whether these previously discovered effects interact with book-to-market and 

institutional ownership in a way that is consistent with the short-sale constraints story. 

If they do, there may be some hope of progressing towards a more parsimonious 

theory of the cross-section of stock returns based on short-sale constraints. 

The following sections examine the evidence for these hypotheses. Of course, 

since the tests are based on proxies for short-sale constraints, there may also be 

alternative explanations of my findings. They are discussed subsequently in Section 

4.8. 

21 Empirically, this seems to be true. Dechow et al. (2001) show that short interest in growth stocks is 
higher than in value stocks. 
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4.3 Data and Methodology 

4.3.1 Data 

Data on stock returns are from the CRSP Monthly Stocks File for NYSE, 

AMEX, and Nasdaq stocks. I eliminate closed-end funds, real estate investment trusts 

(REIT), American Depository Receipts (ADR), foreign companies, primes and scores. 

To correct for delisting bias, I use the adjustment proposed in Shumway (1997) when 

the delisting return is missing on CRSP. Book value of equity is taken from the 

CRSP/COMPUSTAT Merged Database, and it is defined as common equity plus 

balance sheet deferred taxes. I calculate the book-to-market ratio B/M as book value 

of equity from the most recent fiscal year end that is preceding month t by at least six 

months, divided by the market value of equity at the end of month t. Consistent with 

Fama and French (1993), 1 exclude finus with negative book values. 

Data on institutional holdings are obtained from the CDA/Spectrum 

Institutional Holdings (I 3F) database (maintained by Thomson Financial). Since 1978 

all institutions with more than $100 million under discretionary management have 

been required to disclose their holdings to the SEC each quarter on form OF This 

concerns all common stock positions greater than 10,000 shares or $200,000, over 

which the manager exercises sole or shared investment discretion. Summary statistics 

and more details on this database can be found in Gompers and Metrick (2001). 1 

extract quarterly holdings starting in the first quarter of 1980, and ending in the last 

quarter of 2000.1 calculate the share of institutional ownership by summing the stock 

holdings of all reporting institutions for each stock in each quarter. Stocks that are on 

CRSP, but without any reported institutional holdings, are assumed to have zero 

institutional ownership. I take care to correct the data for a problem pointed out by 
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Gompers and Metrick (2001). Spectrum's records of late filings after the 45-day 

deadline set by the SEC reflect stock splits that have occurred between the end of the 

quarter and the filing date. Such late filings account for about 5% of all filings, and 

they are not directly comparable to those of on-time filers. Since splits are likely to be 

concentrated in growth stocks, which tend to have good past perforniance, it is 

particularly important to correct this shortcoming. I undo this split adjustment using 

share adjustment factors from CRSP. 

Data on analyst coverage are from the VB/E/S Historical Summary File. 

Following Hong, Lim, and Stein (2000), 1 define analyst coverage as the number of 

analysts providing fiscal year 1 earnings forecasts in a given quarter. Stocks that are 

on CRSP, but without any analysts according to I/B/E/S, are assumed to have zero 

coverage. When matching I/B/E/S and Spectrum data to CRSP, I track changes in 

CUSrPs over time to minimize the number of false zero coverage and zero 

institutional ownership observations caused by CUSIP mismatches. 

4.3.2 Residual Institutional Ownership 

The main tests in the paper examine returns on portfolios sorted by book-to- 

market and a measure of institutional ownership adjusted for firm size. This 

adjustment is motivated by the strong correlation between the degree of institutional 

ownership and size (using log market capitalization it is 0.71). This would not be a 

problem to the extent that size, too, is related to stock loan supply (D'Avolio 2002). 

However, size is likely to be a kitchen-sink proxy for many other things as well. For 

example, it may capture limits to arbitrage other than those caused by scarcity of stock 

loan supply that are the focus of this paper. To assess the specific hypotheses of 

interest here, sharper proxies are desirable. In an effort to purge such size effects, the 
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portfolio tests employ residual institutional ownership (RI) as a sorting variable, 

which is obtained as the residual in cross-sectional regressions that include finn size 

on the right-hand side. The methodology is similar to that used by Hong, Lim, and 

Stein (2000) in a different context. 

In addition, I exclude stocks below the 20th NYSE/AMEX size percentile from 

all of the following analysis. There are two reasons for doing this. First, the median 

firm in the bottom quintile has institutional holdings (INST) of only 4 percent. As 

such, there may not be enough meaningful variation in the left-hand side variable 

INST to run these cross-sectional regressions in this segment. Second, from Fama and 

French (1993) we know already that growth stocks in the lowest size quintile have 

anomalously low returns, even after adjusting for exposure to the three Fama-French 

factors. It would not be interesting to replicate this result. The exclusion of the 

smallest stocks ensures that this is not the case. 22 

Some transformations are necessary for these regressions to be well specified. 

The degree of institutional ownership-the dependent variable-is a proportion, 

which means it is bounded by 0 and 1. To map it to the real line, I perform a logit 

transformation 

logit(INST) = log 
INST ) 

I- INST 
(4.1) 

22 Unreported results show that inclusion of stocks below the 20th size percentile would make my results 
stronger. For the reasons mentioned above, however, It would then also be more difficult to interpret 
them. 
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Table 4.1 
Determinants of Institutional Ownership, Dec. 1990 

INST is the proportion of outstanding shares held by institutional investors at the end of 1990, SIZE 
is the log of market capitalization at the year-end, SIZE2 is the square of log of market capitalization, 
B/M is the year-end book-to-market ratio, using book-value of equity that is at least six months 
lagged. The regressions are run cross-sectionally across all stocks with market capitalization above 
the 20th NYSE/AMEX size percentile. There are 2,321 observations. t-statistics are in parentheses. 

Model Dependent Variable SIZE '1 2 SIZE 2 B/M R 

I logit(INST) 0.39 0.22 
(25.29) 

2 logit(INST) 2.66 -0.09 0.26 
(14.16) (12.13) 

3 logit(INST) 2.82 -0.09 0.04 0.27 
(14.84) (12.81) (4.85) 

where values of INST below 0.0001 and above 0.9999 are replaced with 0.0001 and 

0.9999, respectively. To illustrate the relationships captured by these regressions, 

Table 4.1 presents the result for one cross-section, the last quarter of 1990. The results 

for other time periods are similar. In model 1, the only explanatory variable is SIZE, 

the log of market capitalization. Variation in SIZE explains a considerable fraction of 

variation in institutional ownership, generating an R2 of about 22%. Adding squared 

SIZE improves the R2 to 26%. In model 3, book-to-market (B/M) is included, too. 

Eliminating any B/M-related components from institutional ownership would help to 

achieve a relatively equal distribution of stocks across portfolios in bivariate sorts on 

BM and residual institutional ownership. It turns out, however, that B/1\4 does not 

change the R2 much. In the rest of the paper, I use model 3 to derive residual 

institutional ownership (RI). The results of my tests are not sensitive to the choice of 

any of these three models. 
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4.3.3 Nonparametric Regression 

In line with common practice, most tests in this paper use portfolios sorted by 

certain stock characteristics. While this method is an admittedly crude way of 

analyzing the data, its ability to capture nonlinear relationships suggests that it may in 

fact be a useful nonparametric technique. This is especially relevant in the context of 

Hypothesis 1, where the predicted relationship between B/M, RI and returns is 

nonlinear: returns of growth stocks should depend on institutional ownership, but not 

returns of value stocks. Linear cross-sectional regressions might also be able to 

capture this nonlinearity through interaction terms, but it is by no means clear that 

they would provide the correct functional form. The question remains, though, 

whether standard nonparametric methods could do better than simple averaging within 

coarsely and arbitrarily defined portfolio categories does. To address this concern, I 

run nonparametric kernel regressions as a supplementary and novel approach to model 

the cross-section of stock returns. Under certain regularity conditions, kernel 

regression estimators converge asymptotically to the true response function (Hdrdle 

1990, ch. 4). They are useful for checking the robustness of portfolio-based results via 

visual inspection. 

4.4 Predicting Returns with Book-to-Market and Loan Supply 

Proxies 

This section presents the main results. I show how the strength of book-to- 

market effects varies with proxy measures for stock loan supply. The first set of tests 

uses portfolio sorts on residual institutional ownership-that is, they control for size. 

Other tests employ cross-sectional regressions of returns on lagged finn characteristics 
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to control for other variables known to affect the book-to-market premium. In addition 

to institutional ownership, I also look at ownership by large stock lenders as an 

altemative proxy for loan supply. 

4.4.1 Portfolio Sorts on Residual Institutional Ownership 

Hypothesis I predicts book-to-market effects, and in particular the 

underperforinance of growth stocks, to be most pronounced among stocks with low 

institutional ownership. To check this, Table 4.2 sorts stocks independently into five 

book-to-market classes (BM), and five residual institutional ownership (RI) classes, 

where RI refers to the residuals obtained from the cross-sectional regressions shown in 

Table 4.1 (Model 3). For both variables, portfolio boundaries are defined by quintile 

breakpoints. The sorts at the end of each quarter t use B/1\4 as of t and RI as of t-2.23 

This time lag for RI helps to ensure that the results are not driven by the kind of short- 

term foresight on the part of institutional investors that is documented, for example, in 

Chen, Jegadeesh, and Wenners (2000). The robustness checks at the end of the paper 

also consider longer lag periods. All portfolio strategies examined in this study use the 

methodology of Jegadeesh and Titman (1993), which involves overlapping holding 

periods. At the end of each quarter, stocks are sorted into portfolios and they are held 

for 12 months. Hence, in any given quarter, the overall strategy holds a portfolio 

formed at the most recent quarter-end, as well those portfolios that were formed at the 

three earlier quarter-ends. One fourth of the overall portfolio is rebalanced at each 

quarter-end. This methodology allows formation of portfolios at different points 

23 Laggmg B/M by one or two quarters to avoid potential bid-ask bounce effects arising from the market 
value denominator produces sirMlar results. 
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Table 4.2 
Mean Monthly Portfolio Returns by Residual institutional Ownership and Book-to- 

Market 

At the end of each quarter t from 9/1980 to 9/2001, stocks are ranked independently by quarter t B/M 
and by quarter t-2 residual institutional ownership (RI), obtained from a cross-sectional regression 
using model 3 (see Table 1). Stocks are sorted into portfolios using quintile breakpoints of ranked B/M 
and RI. Only stocks with market capitaliZation above the 20th NYSE/AMEX size percentile are 
included. Stocks are held in these portfolios for 12 months. Returns are equal-weighted. t-statistics 
based on Newey-West autocorrelation-consistent standard errors are in parentheses. 

Book-to-Market 
RI I 

(Low) 

Residual Institutional Ownership 
R12 R13 R14 R15 

(High) R15 - RII t -stat. 
BM I (Low) -0.09 0.72 0.93 1.01 1.01 1.10 (4.80) 
BM2 0.77 1.06 1.25 1.18 1.22 0.45 (2.46) 
BM3 1.00 1.21 1.29 1.43 1.42 0.42 (2.58) 

BM4 1.18 1.40 1.47 1.36 1.54 0.36 (1.89) 
BM5 (High) 1.37 1.48 1.42 1.35 1.39 0.03 (0.16) 

BM5 - BMI 1.45 0.77 0.49 0.34 0.38 -1.07 (4.06) 
1 -stat. (3.56) (2.30) (1.66) (1.11) (1.20) 

Stocks per portfolio 97 97 97 97 96 

Mean size ($ mill. ) 993 1787 2449 2182 869 
Median size ($ mill. ) 252 297 370 315 232 

Mean instit. ownership 0.14 0.28 0.38 0.44 0.51 
Median instit. ownership 0.12 0.27 0.39 0.44 0.51 

Mean number of analysts 5.14 7.47 8.63 8.26 6.29 
Median number of analysts 2.90 4.69 5.91 5.72 4.61 

during the year, and it increases the power of tests. Unless otherwise stated, returns are 

equally weighted. 

Table 4.2 shows that the value premium is strongly related to RI. As predicted 

by Hypothesis 1, low book-to-market (BM1) stocks underperfon-n high book-to- 

market (BM5) stocks most severely when institutional ownership is low. The value 

premium (BM5-BMI) is 1.45 percent per month in the low RI class, but only 0.38 

percent in the high RI class. The difference in premiums is highly statistically 
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Figure 4.1: Relationship Between Book-to-Market (B/M), Residual Institutional 
Ownership (RI) and Subsequent Return: Nonparametric Kernel Regression. Each quarter 
from 9/1980 to 9/2001, the data are discretized on a 100x100 grid defined by B/M and RI percentiles 
using a linear binning technique. In a second step, I pool the data and estimate a kernel regression using a 
Nadaraya-Watson estimator with an Epanechnikov kernel and a bandwidth of 15 (percentiles). 

significant, with a t-statistic of 4.06. Moreover, this difference comes almost entirely 

from the growth side (BMI). Over the course of the sample period 1980-2001, low RI 

growth stocks earned only a negative raw return of -0.09 percent per month. By 

contrast, high RI growth stocks earned 1.01 percent. The difference of 1.10 percent Is 

highly significant (t-statistic 4.80). 

Importantly, these variations in the magnitude of the value premium with 

institutional ownership are not simply a manifestation of the well-known fact that 

book-to-market effects tend to be stronger for smaller stocks (see e. g. Griffin and 

Lemmon 2002). First of all, as pointed out earlier, stocks below the 20'h 

NYSE/AMEX size percentile are excluded from the entire analysis. Second, as can be 
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seen from the table, the low RI and high RI classes are not much different in terms of 

mean and median size. The approach of sorting on residuals from cross-sectional 

regressions of institutional ownership on size obviously does a good job in creating 

variation in institutional ownership that is unrelated to size. 

As Figure 4.1 shows, similar patterns also appear when a nonparametric kernel 

regression technique is used to estimate the joint effect of B/M and RI on future 

(annual) returns. For this exercise I discretize the data on aI OOx 100 grid of B/M and 

RI percentiles, computed quarter by quarter. I then pool the data and estimate a kernel 

regression. The appendix of this chapter provides details on the estimation process. 

Similar to the portfolio method, kernel regressions also average observations in 

certain neighborhoods, but instead of applying equal weights to all stocks within a 

portfolio, they use weights that decline with distance, as specified by a kernel 

function. The rate of decay depends on a bandwidth parameter. Figure 4.1 is based on 

a bandwidth of 15. In the context of the specific kernel chosen here, this means that 

observations more than 14 percentiles away from a data point in either direction 

receive zero weight. The result is a smoothed surface of expected return estimates as a 

function of B/M and R1 percentiles. The results reinforce the findings from Table 4.2. 

There is a remarkably strong relationship between B/M and returns when RI is low. 

The relationship is almost flat, however, when RI is high. This basic pattern is not 

sensitive to bandwidth choice within a large range. Hence, it appears to be a property 

of the data-generating process and not just an artifact produced by arbitrary portfolio 

breakpoints in Table 4.2. 

This asymmetric impact of institutional ownership on value versus growth 

stock returns is, of course, exactly what the short-sale constraints theory implies, as 

stated in Hypothesis 1. Tight short-sale constraints for growth stocks with low 
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institutional ownership prevent arbitrageurs from trading effectively against 

overpricing. By contrast, value stocks, which tend to earn high future returns, are 

under- rather than overvalued to begin with. Hence, there is no reason to expect short- 

sale constraints to have an impact on pricing and future returns of value stocks. 

Overall, these results appear to be at odds with the notion that value stocks earn higher 

returns than growth stocks because they are riskier (Fama and French 1993). Under 

this risk hypothesis, there is no obvious reason why the magnitude of the premium 

should vary with institutional ownership. Section 4.5 below provides a further analysis 

of risk-factor exposures. 

4.4.2 Cross-Sectional Regressions 

While the sorts on residual institutional ownership adequately control for size, 

RI could also be correlated with other variables that are known to detennine the 

magnitude of value premiums, such as analyst coverage (Griffin and Lemmon 2002) 

or volatility (All et al. 2002). These effects may be consistent with more general 

investor sophistication and arbitrage risk explanations of mispricing. However, under 

the specific short-sale constraints story expressed in Hypotheses 1-3, one would 

expect to find that the effect of institutional ownership is not subsumed by these 

variables. This section explores this question in a cross-sectional regression 

framework. These regression tests also provide a useful check on the methodology 

used in Table 4.2. Instead of using residual institutional ownership as an explanatory 

variable, the regressions employ unadjusted institutional ownership with separate size 

controls. 

In Table 4.3, cross-sectional regressions are run every quarter t. Dependent 

variable is the return over the four quarters t+1 to t+4,, which is regressed on lagged 
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Table 4.3 
Predicting Returns with Book-to-Market and institutional Ownership: Cross-Sectional 

Regression Results 

Cross-sectional regressions are run each quarter t from 9/1980 to 12/2000, including all stocks above 
the 20th NYSE/AMEX size percentile as of quarter t. Dependent variable is the return over the four 
quarters t+1 to t+4. It is regressed on B/M (log book-to-market ratio at t), MOM (return over the 
preceeding two quarters), SIZE (log market capitalization at t), INST (proportion of shares owned by 
institutions at t-2), ACOV (log(l+number of analysts) at t-2), TURNOVER (average monthly trading 
volume during quarters t-2 and t-3, divided by the number of shares outstanding, and divided by two 
for NASDAQ stocks to adjust for double-counting of dealer-trades), VOLATILITY (standard 
deviation of monthly returns during the two years leading up to and including quarter t-2). All 
variables are demeaned and standardized by dividing each variable by its cross-sectional standard 
deviation in the respective quarter before forming the interaction terms. Fama-MacBeth (1973) t- 
statistics based on Newey-West autocorrelation-consistent standard errors are in parentheses. 

1 2 
Model 

3 4 5 6 

B/M 0.034 0.033 0.030 0.025 0.021 0.015 
(2.38) (2.34) (2.06) (1.99) (1.89) (1.36) 

mom 0.041 0.041 0.043 0.044 0.042 0.045 
(7.44) (7.41) (7.49) (8.84) (7.98) (8.62) 

SIZE -0.002 -0.001 -0.016 -0.004 -0.009 -0.023 
(0.12) (0.07) (0.88) (0.28) (0.87) (1.63) 

INST 0.011 0.011 0.004 0.017 0.008 0.009 
(1.96) (1.88) (0.64) (2.38) (1.63) (1.63) 

ACOV 0.024 -0.029 
(1.94) (5.31) 

TURNOVER -0.026 0.024 
(2.24) (2.43) 

VOLATILITY -0.024 -0.013 
(1.39) (0.79) 

B/M x INST -0-017 -0-015 -0.010 -0.015 -0.012 -0.009 
(3.89) (3-06) (2.08) (2.85) (2.56) (2.16) 

B/M x SIZE -0-004 0.004 0.000 0.001 0.008 
(1.00) (0.72) (0.02) (0.33) (1.44) 

B/M x ACOV -0.012 -0.006 
(2.87) (1.41) 

B/M x TURNOVER 0.002 -0.002 
(0.53) (0.45) 

B/M x VOLATILITY 0.008 0.006 
(1.73) (1.75) 

Average R2 5.62% 5.69% 6.11% 6.87% 7.66% 8.46% 

stock charactenstics. The coefficient estimates shown in the table are the time-senes 

averages of these quarterly estimates. Standard errors are computed in the usual Fama- 

MacBeth (1973) fashion, adjusted for autocorrelation using the Newey-West (1987) 

method. To study the effect of stock characteristics on the forecasting power of book- 
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ication. All variables are to-market, I include Interaction terms in the regression speclf 

demeaned cross-sectionally and standardized by their cross-sectional standard 

deviation in each quarter. This facilitates the interpretation of coefficient estimates, 

and it is done before fon-ning the interaction tenns. 

In the first column of Table 4.3, future returns are regressed on B/M, MOM 

(past six-month returns), SIZE (log market capitalization), INST (degree of 

institutional ownership), and the product of B/M and INST as interaction term. For 

B/M, MOM, and SIZE, the coefficient estimates go in directions consistent with prior 

evidence. More interestingly, the interaction term B/M x INST enters with a negative 

coefficient of -0.017 (t-statistic 3.89). Hence, when INST is low, expected returns are 

more sensitive to B/M than when INST is high. To put the magnitudes into 

perspective, the coefficient on B/M implies that a one-standard deviation spread in 

B/M generates a differential in expected returns of 3.4% annually when INST is at its 

cross-sectional mean. When INST is one standard deviation below, however, the 

return differential associated with B/M grows to 5.1 % annually. This result is 

consistent with the portfolio sorts examined above: Low institutional ownership leads 

to stronger book-to-market effects. 

The second column adds an interaction term of SIZE and B/M. This introduces 

a control for size. Interestingly, the coefficient on B/M x INST is almost unaffected, 

and it is still highly significant. The coefficient on B/M x SIZE, in contrast, is small 

and insignificant. Hence, these regressions confirm the finding from Table 4.2 that the 

component of institutional ownership that is unrelated to size has a large effect on the 

magnitude of the book-to-market premium. In the third column, I add an interaction 

with analyst coverage (ACOV), lagged by two quarters like INST. The coefficient on 

B/M x INST is reduced by a third, but it remains highly significant. Adding 
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interaction ternis with TURNOVER (past six-month trading volume, divided by 

number of shares outstanding)24 and VOLATILITY (standard deviation of monthly 

returns over the past 24 months) again has only moderate impact on the coefficient on 

B/M x INST. It remains statistically significant. Evidently, the effect of institutional 

ownership on the relationship between book-to-market and expected returns is distinct 

from other effects previously shown in the literature. Understanding the role of 

institutional investors therefore seems to be key to understanding the book-to-market 

effect. 

4.4.3 Large Stock Lender Ownership 

An alternative way to split the sample into stocks with abundant loan supply 

and stocks with potentially scarce loan supply is to look at ownership by large stock 

lenders. Passive index funds are among the most active and reliable lenders (D'Avolio 

2002a). I examine holdings of two of the largest ones. First, from the quarterly 

Spectrum Mutual Fund Files, I extract quarterly holdings of the Vanguard 500 index 

fund (V500), which tracks the S&P500. Since the S&P500 is a popular benchmark for 

index-trackers, shorting its members should be particularly easy and cheap. Second, I 

extract holdings of Dimensional Fund Advisors (DFA) from the Spectrum 13F files. 

DFA is the largest investor in U. S. small-cap stocks. 25 DFA follows a passive 

investment strategy, albeit not by strictly tracking an index. Portfolio weights on 

individual stocks may deviate from weights in the benchmark, depending on trading 

cost considerations (see Keim 1999). Most important for the purposes of this paper is 

the fact that DFA is a major lender of stocks. Geczy, Musto, and Reed (2002) report 

24 NASDAQ trading volume is made approximately comparable to NYSE/AMEX trading volume by 
dividing it by two to adjust for clouble-counting of dealer trades. 
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Table 4.4 
Mean Monthly Portfolio Returns by Large Lender Ownership and Book-to-Market 

At the end of each quarter t from 7/1983 to 9/2001, stocks are ranked by quarter t B/M- Stocks above 
the 20th NYSE/AMEX size percentile are sorted into portfolios using breakpoints at quintiles of ranked 

fu ta f B/M, intersected with groups representing stocks held by the Vanguard 500 index nd (da rom 
Spectrum Mutual Funds files), reported in the third column, stocks not held by the Vaguard 500 index 
fund (V500), but held by Dimensional Fund Advisors (DFA) (data from Spectrum 13F files), shown in 
the second column, and stocks held neither by V500 nor by DFA (Others), shown in the first colurrm. 
Stocks are held in these portfolios for 12 months. Returns are equal-weighted. t-statistics based on 
Newey-West autocorrelation-consistent standard errors are in parentheses. 

Ownership 

Dimensional Vanguard 500 DFA V500 

Book-to-Market Others Fund Advisors Index Fund - Others t -stat. - Others t -stat. 

BMI (Low) 0.18 0.71 1.10 0.54 (3.93) 0.92 (2.63) 

BM2 0.81 1.03 1.20 0.22 (1.76) 0.40 (1.95) 

BM3 1.05 1.20 1.27 0.16 (0.95) 0.23 (1.24) 

BM4 1.16 1.24 1.35 0.19 (1.29) 0.19 (1.29) 

BN15 (High) 1.20 1.19 1.43 -0.01 (0.09) 0.23 (1.20) 

BM5 - BMI 1.03 0.48 0.33 -0.55 (3.20) -0.69 (2.45) 
t -stat. (2.85) (1.23) (1.21) 

Stocks per portfolio 179 245 78 

Mean size ($ mill. ) 899 515 8995 
Median size ($ mill. ) 422 176 4372 

Mean instit. ownership 0.35 0.33 0.52 
Median instit. ownership 0.34 0.32 0.53 

Mean number of analysts 6.71 4.21 19.00 
Median number of analysts 5.12 3.15 18.86 

that DFA had stock loans of 499 issues on December 31,1998. Hence, even for small- 

caps it should usually be easy for brokers to locate a loan when a stock is held by 

DFA, and short selling should be relatively unconstrained. 

In Table 4.4. stocks are sorted into five book-to-market groups using quintile 

breakpoints, and into three groups depending on ownership, lagged by two quarters as 

before. The sample period starts in July 1983, two quarters after the first 13F filing of 

DFA appears in the Spectrum database. The first column ("Others") presents returns 

25 At the end of 2002, DFA managed assets worth $33 billion. The V500 fund had $68 billion under 
management. 
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for stocks held neither by DFA, nor by the V500 fund. Stocks held by DFA, but not by 

the V500 fund are in the second column, and stocks held by the V500 fund are in the 

third. The final two columns show the difference in returns between "Others", DFA, 

and V500, respectively. As predicted by Hypothesis 2, growth stocks perforin worst 

when they are held neither by DFA nor by the V500 fund. Growth stocks held by DFA 

outperform those in the "Others" category by 0.54 percent per month (t-statistic 3.93), 

and those held by V500 outperfonn by 0.92 percent (t-statistic 2.63). Again, returns on 

value stocks are similar across ownership groups. As a result, the value premium 

(BM5-BM1) is most pronounced among stocks not held by DFA and V5 00.26 

Interestingly, the value premium in the "Others" category is bigger than among 

DFA stocks, even though the typical stock in the DFA portfolio is smaller than the 

typical stock in the "Others" group, as can be seen in the rows reporting mean and 

median size. Consistent with the short-sale constraints idea, it seems to be stock 

lending policy that matters most, not size. The almost equal degree of institutional 

ownership in the two categories also suggests that institutional ownership is an 

imperfect proxy for loan supply. While stocks held by DFA are known to have at least 

one active lender, the institutions holding stocks in the "Others" group may or may 

not be lenders of stocks. Hence, one could perhaps develop a better proxy by 

classifying institutions into lenders and non-lenders. Unfortunately, such data is not 

available, and I have to stick to these two exemplary investors. Nevertheless, the 

results here are reassuring in the sense that differentials in growth stock 

underperfonnance in Table 4.4 cannot be driven by stock-selection skill of 

Institutions, because DFA and the V500 fund are passive investors. 

26 The results are similar for the conunercial BARRA S&P500 value and growth indexes. BARRA 
forms these indexes by splitting the S&P500 universe into two groups based on book-to-market. Over 
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DFA does have some fixed portfolio eligibility rules, though. As detailed in 

Keim (1999), DFA does not invest in stocks during the first year after their IPO, in 

NASDAQ stocks with fewer than 4 market makers, and in low priced stocks (below 

$2). To check the effect of these rules, I have repeated the exercise in Table 4.4 using 

only stocks priced above $2, and with a CRSP price history of at least one year, and 

the results are similar. The market maker requirement should not be material, because 

all stocks below the 20 th NYSE size percentile are already excluded in Table 4.4, 

which deletes almost half of all NASDAQ stocks. Overall, it seems unlikely that the 

results are driven simply by portfolio eligibility rules. 

The results so far are consistent with the following story: When institutional 

ownership is high, or when a stock is owned by institutional investors who are large 

and active stock lenders, short-selling is relatively cheap and easy. Under these 

circumstances, short-selling arbitrageurs are able and willing to absorb excess demand 

for growth stocks from less sophisticated investors. However, when loan supply is 

scarce, short-sellers are reluctant to do so. Yet, at this point, this is certainly not the 

only possible rationalization of these findings. I proceed now by examining potential 

altemative explanations. 

4.5 Mispricing, Risk, or Unexpected Underperformance? 

4.5.1 Three-Factor Adjusted Returns 

So far the analysis has been couched in terms of raw returns. While it seems 

unlikely that the extreme underperformance of growth stocks with low institutional 

the sample period 10/1980 to 12/2001, the BARRA S&P500 value index outperforms the 
corresponding growth index by less than 0.01 percent per month. 
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Table 4.5 
Three-Factor Time-Series Tests for Portfolios Sorted by Residual Institutional 

Ownership and Book-to-Market 

At the end of each quarter t from 9/1980 to 9/2001, stocks are ranked independently by quarter t B/M 
and by quarter t-2 residual institutional ownership (RI), obtained from a cross-sectlonal regression 
using model 3. Stocks are sorted into portfolios using quintile breakpomts of ranked B/M and RL 
Only stocks with market capitalization above the NYSE/AMEX 20th percentile are included. Stocks 
are held in these portfolios for 12 months. Returns are equal-weighted. Returns on these 25 
portfolios in excess of the risk-free rate, as well as the BM5-BMI and R15-RII zero-mvestment 
portfolio returns, are regressed in time-series on the three Fama-French (1993) factors (market excess 
return, SMB, HML). The table presents estimated loadings on the HML factor (Panel A) and 
regression intercepts (Panel B). Reported in parentheses are t-statistics for zero-intercept tests for 
zero-investment portfolios. The bottom rows report results of multivariate tests for zero intercepts 
across all 25 BM/Rl portfolios. GRS refers to the Gibbons-Ross-Shanken (1989) exact F-test. GMM 
refers to the asymptotic Wald-Test of MacKinlay and Richardson (1991), employing an 
autocorrelation- and heteroskedasticity-consistent Newey-West covariance matrix. p-values for these 
multivariate tests are reported in parentheses. 

Residual Institutional Ownership 
RI I R12 R13 R14 R15 

Book-to-Market (Low) (High) R15 - RII t -stat. 
Panel A: Factor Loadings on HML 

BM I (Low) -0.60 -0.50 -0.42 -0.51 -0.50 
BM2 -0.16 -0.08 0.02 0.03 0.05 

BM3 0.20 0.27 0.27 0.36 0.35 

BM4 0.37 0.41 0.52 0.55 0.52 

BM5 (High) 0.59 0.63 0.70 0.68 0.65 

Panel B: Reg ression Intercepts 

BM I (Low) -1.03 -0.33 -0.13 -0.01 -0.04 0.99 (2.89) 

BM2 -0.32 -0.12 0.02 -0.07 -0.05 0.28 (1.01) 

BM3 -0.24 -0.09 -0.03 0.05 0.04 0.28 (1.25) 

BM4 -0.04 0.11 0.04 -0.10 0.10 0.14 (0.61) 

BM5 (High) 0.03 0.04 -0.12 -0.17 -0.08 -0.11 (0.50) 

BM5 - BMI 1.05 0.37 0.01 -0.16 -0.05 -1.10 (3.06) 
t -stat. (4.13) (1.66) (0.06) (0.61) (0.17) 

GRS F -statistic 78.93 (p 0.00) 

GMM X2 -statistic 2.81 (p 0.00) 

ownership could be explained by low risk exposure, it would nevertheless be 

interesting to see the extent to which adjustments for covariance risk impact the 

results. To check this, I take the 25 BM/RI portfolios from Table 4.2, and I run time- 

series regressions of their returns in excess of the risk-free rate on the market excess 
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return, and the Fama-French factors SMB (small minus big) and HML (high minus 

low book-to-market) factors. 27 Panel B of Table 4.5 presents intercepts (alphas) from 

these regressions, and Panel A reports estimated loadings on the HML factor. 

A first look at Panel A reveals that portfolios across RI groups do not differ 

much in terms of their loadings on HML. Similarly, market betas, SMB factor 

loadings, and R2 (not tabulated) do not change much with RI. Not suiprisingly then, 

the three-factor model completely fails to explain the underperfori-nance of low RI 

growth stocks. Adjusted for three-factor exposure, low RI growth stocks still 

underperform high RI growth stocks by 0.99 percent per month (t-statistic 2.89). This 

number is only marginally lower than in raw returns in Table 3. As a consequence, 

there is an unexplained book-to-market premium BM5-BMI of 1.05 percent in the 

low RI group. Compared with Table 4.2, the three-factor adjustment reduced the 

magnitude of value premiums, but it did so by a similar magnitude for all R1 groups. 

Hence, the three-factor model cannot account for the variation in premiums associated 

with RI. 

Of course, intercepts are estimated with error, and with 25 portfolios there is 

an increased probability that some regression intercepts appear significantly different 

from zero, when in fact they are not truly different from zero. This issue is addressed 

by multivariate asset pricing tests. The two bottom rows report two standard test 

statistics. First, the Gibbons, Ross, Shanken (1989) exact F-statistic, denoted GRS, 

which is derived under the assumption of jointly normal and i. i. d. returns,, and second, 

the MacKinlay and Richardson (1991) asymptotic Wald test statistic, denoted GMM, 

which is robust to serial correlation and conditional heteroskedasticity. The p-values 

27 1 thank Ken French for providing the factor returns data on his website. 
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Figure 4.2: Rolling 12-Month Performance of High Minus Low Book-to-Market 
Strategies (BM5-BM1) in Low and High Residual Institutional Ownership Segments 

reported in the table show that both tests strongly reject the hypothesis that the 

intercepts are equal to zero. Hence, it seems unlikely that the abnormal returns of low 

RI/growth stocks are just a chance result. 

Overall, the results in this section show that the findings in Table 4.2 are not 

driven by some intricate correlation between residual institutional ownership and risk 

exposure. Moreover, the similarity of factor loadings across RI quintiles stands in 

stark contrast to the observed differences in mean returns. This suggests that at least a 

substantial part of the value premium originates from overpricing of growth stocks 

and is not compensation for covariance risk. This conclusion applies even if one takes 

the view that the HML factor indeed captures rationally priced risk,, because the three- 

factor model itself is unable to explain the value premium among low RI stocks. This 
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in turn calls into question, of course, that the premium earned by the value-growth 

return spread HML is compensation for factor risk to begin with. 

If the three-factor model is unable to explain the low return of growth stocks 

with low institutional ownership, could some other, yet-to-be discovered risk factor do 

the job? Figure 4.2 shows that this does not seem likely. The figure plots rolling 12- 

month averages of returns on book-to-market strategies (BM5-BMI) in low and high 

RI classes from Table 4.2. As can be seen, the returns on these strategies co-move 

strongly. The correlation of monthly returns is 0.72. For comparison, the returns on 

R15-RII zero-investment portfolios within BMI and BM5 classes have a correlation 

of only 0.19, which reflects the fact that low and high BM stocks load differently on 

HML, a factor that captures a significant part of stocks' covariances. Given the strong 

co-movement of book-to-market strategies in low and high RI segments, it seems 

implausible that their large difference in mean returns could be explained by 

differences in exposure to some common risk factor. This is further underscored by 

the fact that the low RI book-to-market strategy outperfonns its high RI counterpart in 

about 89% of all 12-month windows dunng the sample period. Again, there is no 

evidence of differentials in risk that would justify the higher return. 

4.5.2 Returns Around Earnings Announcements 

To address the risk factor issue from a different perspective, this section looks 

at the returns of stocks in BNL/RI groups over a short window around earnings 

announcements. La Porta et al. (1997) show that a disproportionate share of the annual 

value premium is earned around earnings announcement days. The idea behind these 

tests is that mispricing should tend to be corrected these days, because discrepancies 

to fundamental value should become more apparent when information is released. 
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Table 4.6 
Annualized Abnormal Returns around Quarterly Earnings Announcements by 

Residual Institutional Ownership and Book-to-Market 

At the end of each quarter t from 9/1980 to 9/2001, stocks are ranked independently by quarter t B/M 
and by quarter t-2 residual institutional ownership (RI), obtained from a cross-sectional regression 
using model 3. Stocks are sorted into portfolios using quintile breakpoints of ranked B/M and RL 
Only stocks with market capitalization above the NYSE/AMEX 20th percentile are included. Stocks 
are held in these portfolios for 12 months. For each stock, cumulative market-adjusted returns (CAR) 
are calculated over a three-day windown around quarterly earnings announcement dates. These CARs 
are averaged and equal-weighted within each portfolio and quarter. The table reports the time-series 
average of these portfolio CARs. The numbers are annualized by multiplying by four. In the bottom 
row, the annualized CARs for BM5-BM1 are divided by the BM5-BMI premium from Table 3 
(annualized). t-statistics based on Newey-West autocorrelation-consistent standard errors are in 
parentheses. 

Residual Institutional Ownership 
RI I R12 R13 R14 R15 

Book-to-Market (Low) (High) R15 - RII t -stat. 
BM I (Low) -1.87 -1.39 -1.06 -0.69 -0.69 1.18 (1.96) 

BM2 -1.38 -0.40 -0.14 -0-09 0.02 1.40 (3.58) 

BM3 -0.14 0.17 -0.17 0.24 0.80 0.94 (2.51) 

BM4 -0.19 0.41 0.32 0.69 1.11 1.30 (2.97) 

BM5 (High) 0.37 0.22 0.14 0.46 0.49 0.11 (0.22) 

BM5 - BMI 2.24 1.61 1.20 1.15 1.18 -1.06 (1.74) 
1 -stat. (3.62) (3.05) (2.50) (2.32) (2.06) 

% of trading days per year 4.8 
% of ann. BM5 - BM I premium 12.9 17.5 20.5 28.0 25.8 

Hence, stocks in portfolios like low RI/low BM, which are overpriced according to the 

short-sale constraints theory, should experience particularly low returns during such 

earnings announcement windows. On the other hand, if risk explains differences in 

portfolio returns, there is no reason to expect returns around earnings announcement 

days to be predictable by characteristics like B/M or RI. 

take the same portfolio assigmuents as in Table 4.2 along B/M and RI 

dimensions. For each stock I compute cumulative abnormal returns (CARs) around 

each quarterly earnings announcement on day t by adding up returns in excess of the 

return on the CRSP value-weighted market index from day t-I to t+1. Earnings 
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announcement days are taken from COMPUSTAT, and daily returns are from the 

CRSP daily stock file. These CARs are then averaged and equal-weighted across 

stocks within each portfolio and quarter. The resulting time-senes of portfolio returns 

represents the experience of an investor who chose to invest in portfolio constituents 

only during the three-day windows surrounding their earnings announcements, hedged 

by going short in the market portfolio, and holding cash at zero interest during non- 

announcement times. Unlike the more standard event-study method of averaging 

CARs across stocks and quarters in event time, this calendar-time portfolio method 

ensures that cross-sectional correlation of abnornial returns is translated into time- 

series variation of portfolio returns, which allows it to be picked up by standard errors, 

as in the Fama-MacBeth (1973) cross-sectional regression method. 

Table 4.6 shows the CARs earned by the average portfolio constituent over the 

12 event window days in each year. On average, growth stocks in the low RI group 

earn -1.87 percent market-adjusted returns. In contrast, value stocks in the same group 

earn a positive return of 0.37 percent. The difference of 2.24 percent is statistically 

significant with a t-statistic of 3.62. As reported in the bottom row, this difference 

represents 12.9 percent of the total BM5-BMI return premium in the low RI class 

observed in Table 3 (annualized). The event window days however only represent 

n, k 
aDout 4.8 percent of trading days per year. This means that a disproportionate share of 

the return difference accrues around announcement days. This is consistent with the 

view that the strong book-to-market effect in the low RI group is caused by 

mispricing, which is partially corrected when information is revealed. 
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Table 4.7 
Industry-Adjusted Returns by Residual Institutional Ownership and Book-to-Market 

At the end of each quarter t from 9/1980 to 9/2001, stocks are ranked independently by quarter t B/M 
and by quarter t-2 residual institutional ownership (RI), obtained from a cross-sectional regression 
using model 3. Stocks are sorted into portfolios using quintile breakpoints of ranked B/M and RI. 
Only stocks with market capitalization above the NYSE/AMEX 20th percentile are included. Stocks 
are held in these portfolios for 12 months. Individual stock returns are industry-adjusted before 
calculating portfolio returns by subtracting the return of a matched (value-weighted) industry 
portfolio, where industry portfolios are formed using the four-digit SIC code classification into 48 
industry groups available on Ken French's website. Abnormal returns are then equal-weighted across 
portfolio constituents. t-statistics based on Newey-West autocorrelation-consistent standard errors are 
in parentheses. 

Book-to-Market 

Residual Institutional Ownership 
RII R12 R13 R14 

(Low) 
R15 

(High) R15 - RII t -stat. 
BM I (Low) -1.19 -0.47 -0.27 -0.19 -0.24 0.95 (4.13) 

BM2 -0.43 -0.09 0.04 -0.01 0.03 0.46 (2.60) 

BM3 -0.18 0.03 0.07 0.23 0.25 0.43 (3.01) 

BM4 0.02 0.18 0.24 0.15 0.32 0.30 (2.57) 

BM5 (High) 0.10 0.24 0.21 0.15 0.18 0.08 (0.64) 

BM5 - BMI 1.29 0.70 0.48 0.34 0.42 -0.87 (4.07) 
t -stat. (4.97) (3.46) (2.51) (1.76) (1.97) 

4.5.3 Industry-Adjusted Returns 

The effects of institutional ownership on the predictive power of book-to- 

market are strong, both in economic and statistical terms, and they do not appear to be 

explainable by risk. Nevertheless, one might be concerned that these results are just a 

statistical fluke-an unlucky draw-in the sense that low book-to-market firnis with 

low institutional ownership just happen to be finns that had a string of unexpected bad 

news over the sample period. In this case, the average returns documented here would 

not be close to expected returns. As in any asset-pricing test, it is probably impossible 

to completely rule out this alternative explanation, until more data becomes available 

for out-of-sample tests. 
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However, it is possible to shed some more light on this. Since idiosyncratic 

shocks can hardly be responsible for unexpected underperformance of a large portfolio 

over a time period of 21 years, the "unlucky draw" explanation would require shared 

exposure to some common factor that experienced such a string of bad realizations. 

This could be the case, for example, if sorting on book-to-market and institutional 

ownership implicitly created a sort on industry. In this case, low BM/low RI stocks 

could be concentrated in a few industries, which happened to underperform 

unexpectedly over the sample period. To address this point, Table 4.7 reproduces the 

portfolios in Table 4.2, but with industry-adjusted returns. For each stock, I calculate 

excess returns over the return of its matched (value-weighted) industry portfolio, using 

48 industry portfolios, forined according to the four-digit SIC code classification 

provided on Ken French's website. 

Table 4.7 shows convincingly that the results are not driven by industry 

effects. Again, value premiums decline with institutional ownership. Returns of stocks 

with high RI are generally close to their industry benchmark. High book-to-market 

portfolios all have excess. returns relatively close to zero, too. Low BMJlow RI stocks, 

in contrast, underperform their matched industry portfolios by -1.19 percent per 

month. As before, the overall underperformance of growth stocks originates 

predominantly from those with low RI. Hence, the industry-adjustment does not 

change any of the results found in Table 4.2. 

4.5.4 Firm Characteristics 

Even though industry effects do not appear to be important, it might be that the 

poorly performing growth stocks with low institutional ownership are systematically 
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Table 4.8 
Median Firm Characteristics by Residual Institutional Ownership and Book-to- 

Market 

At the end of each quarter t from 9/1980 to 9/2001, stocks are sorted independently into 25 portfolios 
by quarter t B/M and by quarter t-2 residual institutional ownership (RI) as in Table I Median firm 
characteristics are calculated for each portfolio. Breadth of Mutual Fund Ownership is calculated as 
in Chen, Hong, and Stein (2002) as the percentage of mutual funds holding a given stock, based on 
data from the Spectrum Mutual Funds Database. Turnover is calculated as the number of shares 
traded during a six-month period prior to portfolio formation, divided by the number of shares 
outstanding. Return volatility is calculated from monthly returns over a two-year period prior to 
portfolio formation. Accounting characteristics are measured at a fiscal year end at least two quarters 
prior to portfolio formation, where cash refers to cash and equivalents, liabilities refers to total 
liabilities, and sales is net sales. The column labeled MWW reports the time-series average of 
quarterly asymptotic p-values for nonparametric Mann-Wilcoxon-Whitney tests for equality of 
medians of fin-n characteristics in RI I and R15 groups. 

- 
Residual Institutional Ownership Group 

Book-to-Market RI I R12 R13 R14 R15 MWW 
Firm Characteristic Group (Low) (High) p -valu 
Breadth of Mutual Fund BMI 0.15 0.70 1.28 1.60 1.45 0.02 

Ownership (x 100) BM5 0.52 0.82 0.80 0.68 0.59 0.29 

Annualized Trading Volume BMI 0.61 0.67 0.75 0.87 1.05 0.04 

(Turnover) BM5 0.34 0.45 0.51 0.54 0.51 0.08 

Annualized Return Volatility BMI 0.65 0.51 0.46 0.46 0.48 0.02 

BM5 0.27 0.32 0.34 0.35 0.36 0.10 

Past six-month return BMI 0.16 0.18 0.19 0.20 0.22 0.36 

BM5 0.01 0.00 -0.01 -0.01 -0.01 0.25 

Cash/Assets BMI 0.20 0.17 0.16 0.17 0.18 0.45 

BM5 0.02 0.03 0.04 0.04 0.04 0.08 

Liabilities/Assets BMI 0.41 0.45 0.45 0.44 0.43 0.33 

BM5 0.62 0.61 0.58 0.56 0.53 0.03 

Capital Expenditure/Assets BMI 0.06 0.07 0.07 0.07 0.06 0.35 

BM5 0.05 0.06 0.05 0.05 0.05 0.31 

Operating Income/Sales BMI 0.07 0.14 0.16 0.17 0.16 0.06 

BM5 0.19 0.12 0.10 0.10 0.09 0.04 

R&D Expenses/Sales BMI 0.07 0.06 0.05 0.07 0.07 0.33 

BM5 0.01 0.01 0.01 0.02 0.02 0.26 

different from the rest of the sample in some other peculiar way. To investigate this 

possibility, Table 4.8 reports some median fim-1 characteristics for the 10 portfolios 

with highest (BM5) and lowest book-to-market (BM I), sorted by residual institutional 
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ownership from RII to R15. The final column reports p-values for noriparametric 

Mann-Wilcoxon-Whitney tests for equality of medians in the RII and R15 classes. The 

numbers reported in the table are time-series averages of the medians and p-values 

obtained in each quarterly cross-section. 

As can be seen, there is some evidence that trading volume increases with RI 

and return volatility decreases with RI, at least among low B/M finns. Note, however, 

that the cross-sectional regression tests shown in Table 4.3 demonstrate that 

controlling for these characteristics does not eliminate the link between institutional 

ownership and the B/M effect. More interestingly, it turns out that low RI growth 

stocks have low breadth of mutual fund ownership-that is, these stocks are owned by 

a relatively small number of mutual funds only. While the median growth stock with 

high RI is owned by 1.45% of all existing mutual funds, this figure is only 0.15% for 

low RI growth stocks. Recall that the model of Chen, Hong, and Stein (2002) predicts 

breadth of ownership should to be low for overpriced stocks when short selling is 

constrained. This result would fit nicely with the view that short selling is constrained 

for growth stocks with low institutional ownership. Of course, there may be other 

possible reasons for the level of breadth to be low. Therefore, the tests of Hypothesis 3 

in the following section look at return predictability associated with a more refined 

measure: changes in breadth of ownership. Turning to the accounting-based firm 

characteristics, it is evident that they do not reveal any striking differences in 

characteristics across RI groups, except perhaps for a tendency of operating income to 

be lower for low BM/low RI finns. Overall, there is thus little evidence to suggest that 

growth stocks with low RI differ from other stocks in some systematic way other than 

institutional ownership that could help to understand their low returns over the sample 

penod. 
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4.6 Consistency with Prior Findings on Short-Sale Constraints 

This section now turns to Hypothesis 3. Suppose short selling is indeed 

constrained for growth stocks with low institutional ownership. One would then 

expect that other return predictability effects caused by short-sale constraints would 

show up most clearly among these stocks. Given that the institutional ownership and 

large lender ownership variables employed in this paper are indirect measures of stock 

loan supply, it makes sense to ask whether the short-sale constraints story proposed in 

this paper is, in this respect, consistent with prior research. 

Panel A of Table 4.9 investigates how well the Chen, Hong, and Stein (2002) 

measure of changes in breadth of ownership among mutual funds (ABREADTH) does 

in predicting returns within book-to-market and residual ownership sorted portfolios. 

Breakpoints for these portfolios are set at the 3 Oth and 70th percentiles of ranked B/1\4 

and RI. These portfolios are then intersected with an independent sort on ABREADTH 

using similar breakpoints, where ABREADTH is calculated from the Spectrum 

Mutual Funds files (see Chen, Hong, and Stein (2002) for details). To make the 

magnitude of ABREADTH realizations comparable across stocks with different size, I 

standardize ABREADTH within size quintiles in each quarter by subtracting its 

within-quintile mean and dividing by its within-quintile standard deviation. Stocks 

with zero BREADTH (levels, that is) are assigned to the bottom ABREADTH group. 

The reason is that they cannot have negative ABREADTH, even though the fact that 

not even one mutual fund is holding them may actually be an indicator of extreme 

optimism-bias in prices. As Panel A shows, ABREADTH is a strong predictor of 

future returns among growth stocks with low RI. The difference in returns between 

top and bottom group is 0.85 percent per month (t-statistic 4.65). In the other BM and 

130 



RI groups, the effect still goes in the right direction, but its magnitude is much weaker. 

As the final column shows, the ABREADTH effect is 0.70 percent per month stronger 

in the RII group than it is in the R13 group (t-statistIc 3.44). This result Is consistent 

with Hypothesis 3. ABREADTH appears to do the best job in predicting returns 

precisely when short selling is most constrained according to Hypothesis 1. 

Panel B presents the result of a similar exercise, with past six-month returns 

(MOM) taking the place of ABREADTH as the third sorting variable. As a crude but 

simple measure for the extent of return continuation for loser stocks, I compute loser 

momentum as the difference in returns between low and medium MOM portfolios. 

Panel B shows that the loser momentum effect is indeed most pronounced in the low 

BM/low RI group, as predicted by Hypothesis 3. Among this group of stocks, losers 

earned -0.46 percent per month, while stocks in the middle portfolio earned 0.49 

percent. The difference is highly significant. In the high RI group, loser momentum is 

weaker (0.59 percent, t-stat. 4.14), and the difference between high and low R1 loser 

momentum, shown in the final column 5 is significant. This finding is broadly 

consistent with the idea that low BMJlow RI stocks underreact more to bad news 

because of short-sale constraints. 

In addition, I have also expenmented with short interest. 28 1 found some 

indication that stocks with high short interest earn particularly low returns when 

institutional ownership is low. However, the results are weak-and there is theoretical 

ing from intersection of reason to expect this. Short interest is the quantity resulti I 

lending supply and borrowing demand. What matters for short-sale constraints, 

though, is the price, i. e. the lending fee. Stocks with zero short interest, for example, 

28 See Figlewski (1981), Asquith and Meulbroek (1996), and Desai et al. (2002) for studies on short 
interest as a predictor of returns. 
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Table 4.10 
Value-Growth Return Differentials for Different Fundamental-to-Price Ratios by 

Residual Institutional Ownership 

At the end of each quarter t from 9/1980 to 9/2001, stocks are ranked independently by the quarter t cash 
flow/price ratio C/P (Sales/Price S/P, Earnings/Price E/P) and by quarter t-2 residual institutional 
ownership (RI), obtained from a cross-sectional regression using model 3. Stocks are sorted into 
portfolios using quintile breakpoints of ranked BM and RI. Only stocks with market capitaliZation above 
the NYSE/AMEX 20th percentile are included. Stocks are held in these portfolios for 12 months. Returns 
are equal-weighted. t-statistics based on Newey-West autocorrelation-consistent standard errors are in 
parentheses. 

High minus Low Fundamental-to-Price Portfolio Retum 
Residual Institutional Ownership 

RII R12 R13 R14 R15 R15-RIl t -stat. 

C/P (CP 5- CP 1) 1.44 0.52 0.38 0.29 0.23 -1.21 (4.48) 
(3.20) (1.29) (1.00) (0.80) (0.78) 

S/P (SP5 - SP1) 1.27 0.75 0.52 0.45 0.51 -0.76 (3.69) 
(3.46) (1.97) (1.35) (1.18) (1.42) 

E/P (EP5 - EP1) 1.35 0.54 0.25 0.24 0.34 -1.01 (3.51) 
(3.16) (1.44) (0.86) (0.85) (1.48) 

can be stocks for which there is no shorting demand, because there is no mispricing. 

However, these can also be stocks for which shorting shares is simply impossible and 

overpricing may be severe. Controlling for institutional ownership may perhaps 

alleviate this simultaneity problem to some extent, but it does not really resolve it. 

4.7 Robustness Checks 

This section explores the sensitivity of the results to various changes in 

methodology and sample. The basic message of these tests is that results are robust to 

using different fundamental-to-price ratios, restricting the sample to subperiods, 

allowing longer lags for institutional ownership when fori-ning portfolios, value- 

weighting, seasonality, and exclusion of newly listed stocks. 
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4.7.1 Other Fund amen tal-to-Price Ratios 

There is nothing very special about the book-to-market ratio. It owes its cross- 

sectional predictive power to the fact that book value of equity Is loosely related to 

fundamental value. As long as the measurement error in book value is not sufficiently 

and systematically correlated with pricing errors, the ratio of book value to market 

value picks up cross-sectional variation in expected returns, and hence it predicts 

future retums. The same principle should work for other fundamental-to-price ratios 

as well. One would therefore expect that using these alternative ratios instead of book- 

to-market would produce similar results. The reason why I have chosen the book-to- 

market ratio for most of the analysis in this paper is simply its dominance in the 

existing literature. Table 4.10 presents results using earnings-to-price (E/P), sales-to- 

price (S/P), and cash flow-to-price (C/P) instead of B/M. To save space, I only report 

high-minus-low premiums in each RI group. The results are clearly consistent with the 

findings on book-to-market. 

4.7.2 Subperiod Analysis 

In Panel A of Table 4.11, value premiums (BM5-BMI) are calculated over 

seven-year subperiods. One might suspect, for example, that the results could be 

driven partly by the burst of the "Technology Bubble" in 2000 and 2001. Panel A 

shows that this is not the case. In fact, the similarity across subperiods is striking. In 

each subperiod, the value premium for low RI stocks exceeds that for high RI stocks 

by around I percent per month and this difference is statistically significant in the first 

two subperiods. The higher volatility in the last subperiods is reflected in larger 

standard errors. 
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Table 4.11 
Value-Growth Return Differentials by Residual Institutional Ownership, Variations 

in Methodology and Sample 

At the end of each quarter t from 9/1980 to 9/2001, stocks are ranked independently by quarter t B/M 
and by quarter t-2 (t-4 and t-6 in Panel B) residual institutional ownership (RI), obtained from a 
cross-sectional regression using model 3 (see Table 4.1). Stocks are sorted into portfolios using 
quintile breakpoints of ranked BM and RI. Only stocks with market capitalization above the 20th 
NYSE/AMEX size percentile are included. Stocks are held in these portfolios for 12 months. Returns 
are equal-weighted (value-weighted in Panel C). t-statistics based on Newey-West autocorrelation- 
consistent standard errors are in parentheses. 

High minus Low Book-to-Market Portfolio Retum (BM5 - BM I) 
Residual Institutional Ownership 

RI I R12 R13 R14 R15 
(Low) (High) R15 - RII t -stat. 

Panel A: Subperiod Analysis 

1980-1987 1.98 1.32 0.86 0.47 0.74 -1.24 (3.51) 
(3.67) (2.66) (2.07) (1.16) (1.58) 

1988- 1994 1.21 0.47 0.30 0.37 0.03 -1.18 (3.38) 
(2.99) (1.14) (0.75) (0.91) (0.07) 

1995-2001 1.15 0.49 0.29 0.18 0.36 -0.79 (1.27) 
(1.13) (0.65) (0.43) (0.25) (0.49) 

Panel B: Different Lags for Residual Institutional Ownership 

RI(t-4) 1.29 0.67 0.35 0.44 0.28 -1.01 (3.73) 
(3.18) (2.10) (1.21) (1.46) (0.85) 

RI(t-6) 1.27 
(3.21) 

0.72 
(2.33) 

0.40 
(1.36) 

0.32 
(1.04) 

0.37 -0.90 (3.58) 
(1.12) 

Panel C: Value-wei ghted Retums 

Value-weighted 0.94 
(1.94) 

0.45 
(1.19) 

0.30 
(0.95) 

0.20 
(0.59) 

0.30 -0.65 (1.69) 
(0.86) 

Panel D: Seasonality 

Non-January 1.70 0.71 0.37 0.17 0.25 -1.44 (5.39) 
(3.68) (1.93) (1.21) (0.52) (0.71) 

January -1.26 1.43 1.76 2.27 1.81 3.06 (2.04) 
(-0.70) (1.38) (1.95) (2.55) (2.50) 

Panel E: Excluding New Listings 

Listed at least 5 years 1.28 0.58 0.29 0.33 0.30 -0.99 (3.50) 
(3.25) (1.93) (1.07) (1.21) (1.03) 
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4.7.3 Superior Information of institutional Investors 

One might conjecture that institutions may have superior infori-nation about 

growth stocks. In this case, low institutional ownership could reflect the fact that 

institutional investors have traded on inforniation about future bad perforniance. Note 

however, that in all tests reported before, institutional ownership was already lagged 

by two quarters. Through 13F filings, it has already become public information by the 

time of portfolio fort-nation. Nevertheless, to provide further evidence, Panel B shows 

value premiums obtained when this lag is increased to four and six quarters. As can be 

seen, the results are virtually unaffected. Hence, the infonnation story is not a 

plausible alternative to the short-sale constraints interpretation proposed in this paper. 

4.7.4 Value-Weighting 

In Panel C, value-weighting is used instead of equal weighting to compute 

portfolio returns. Again, there is not much effect on the results. Low RI value 

premiums are still larger than high RI value premiums. The magnitude of the 

difference remains large in economic terms. Hence, the results do not appear to be 

driven by small stocks. Significance levels, however, are lower, although the 

difference in premiums between high and low RI stocks is still significantly different 

from zero at a 10% level. The loss of significance can be attributed to two reasons. 

First, in value-weighted terms, the book-to-market effect is weaker over the sample 

period, so there Is less of an effect to be explalned In the first place. Second, returns of 

these value-weighted portfolios are more volatile, because some portfolios are 

dominated by relatively few large stocks, leading to a lack of diversification. 
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4.7.5 Seasonality 

Panel D investigates whether seasonality plays a role in generating the effects 

described in this paper. Loughran (1997) shows that the value premium is larger in 

January during the period 1963-95. One potential explanation for this pattern is tax- 

loss selling by individuals, which would create downward price pressure on value 

stocks at the end of the year, because they tend to have accumulated capital losses. 

Panel B however shows that the strong value premium among low RI stocks is not 

driven by a January seasonal. In fact, it is greater outside of January. In January the 

effect goes the other way: stocks with high institutional ownership earn high value 

premiums. Tax-loss selling by individuals therefore does not seem to explain the 

strong value premium observed for low institutional ownership stocks. 

4.7.6 New Listings 

Panel E checks whether the results could be driven by initial public offerings. 

As a simple control, stocks are only included in the sample if they have at least a five- 

year price history on CRSP. As can be seen in the table, this makes virtually no 

difference to the results. 

4.7.7 Constant portfolio breakpoints 

Finally, one could argue that under the short-sales constraints story, the 

'J%so ab lute level of institutional ownership should matter, rather than the level relative to 

other stocks. As the average degree of institutional ownership has increased strongly 

over the sample period, the number of stocks that are difficult to short may have 

decreased. To check whether this makes a difference to the results, I have performed 

double sorts on institutional ownership and B/M using absolute portfolio cut-offs 
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instead of relative rankings. Since it is difficult to determine what absolute cutoffs 

should be for residual institutional ownership, which is inherently a relative measure, 

stick to unadjusted institutional ownership (INST). 

In untabulated results I find that that the effects are much stronger when 

I'll, absolute breakpoints are used. For example, sorting stocks into INST quintiles in the 

third quarter of 1980, and applying these 1980 portfolio breakpoints to each quarter 

until the end of the sample period, produces an extremely large spread in the book-to- 

market premium. Low INST growth stocks underperform their value counterparts by 

2.05 percent per month (t-statistic 3.80), compared with a value premium of 0.40 

percent (t-statistic 1.38) in the high INST group. The difference between the two is 

highly significant (t-statistic 2.91). In the same way as before, this effect is driven by 

growth stocks: Low INST growth stocks underperform high INST growth stocks by 

2.00 percent per month (t-statistic 5.00), for value stocks this difference is only 0.36 

percent, with a t-statistic of 0.80. These are clearly extreme magnitudes of returns. 

However, one has to keep in mind that the number of stocks in the low INST group 

declines over time as the average level of institutional ownership increases. Overall, 

these results suggest that absolute cut-offs lead to even larger effects than relative 

breakpoints, which is, qualitatively, consistent with the short-sales constraints story. 

4.8 Discussion 

The preceding analysis has uncovered several empirical facts that are 

qualitatively consistent with the short-sales constraints story. In general, growth stocks 

appear to underperform most strongly when short-selling is likely to be most costly. 

However, can impediments to short-selling also explain the quantitative features of 

137 



the evidence? In economic terins, the documented abnormal returns seem very large. It 

would clearly require large short-selling costs to eliminate excess returns on a strategy 

of shorting low RI growth stocks that earns abnonnal returns (before short-selling 

costs) of -1.03 percent per month (Table 4.5). Absent direct stock-by-stock data on 

short-selling costs over the sample period, any attempts to answer this question have 

to remain tentative, but some observations can be made. 

The evidence on stock loan supply and lending fees presented in D'Avolio 

(2002a) suggests that most stocks can be shorted at little cost. Those stocks that do not 

, appear in his loan database, and which are potentially unshortable are primarily small r- 

stocks with low institutional ownership (see his Table 1). Hence, my sample of stocks 

above the 20 th NYSE size percentile may be roughly equivalent to the sample for 

which he has stock loan and rebate data. Within this sample, for the period from April 

2000 to September 2001, D'Avolio finds that 8.7 percent of stocks have lending fees 

in excess of I percent per annum. The equal-weighted mean fee among these costly- 

to-borrow stocks is 4.72 percent (see his Table 3). In comparison, the three portfolios 

that have the lowest returns in the top left-hand comer of my Table 3 contain about 12 

percent of stocks in my sample. D'Avolio's finding that institutional ownership 

explains more than half of the cross-sectional variation in loan supply (his Table 2) 

suggests that these three portfolios, which have low institutional ownership, might 

also contain the bulk of costly-to-borrow stocks. In that case, an average lending fee of 

perhaps 2-3 percent might then be possible for these stocks. 

Clearly, lending fees of this magnitude would be a substantial cost, but still 

only about a quarter of the observed abnonnal return. It may be the case that lending 

fees may have been higher in the earlier parts of my sample period, which are not 
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covered by D'Avolio's sample, but it does not seem likely that this could account for 

much of the remaining difference. 

In fact, underperformance of short-sale constrained stocks in excess of direct 

short-selling costs seems to be a common phenomenon. Jones and Lamont (2002) find 

that expensive-to-short stocks in their sample from 1926-1933 exhibit predictable 

underperfon-nance-albeit at a larger magnitude than explainable by the direct cost of 

borrowing these shares. Similarly, Lamont (2002) finds that stocks "attacked" by 

short-sellers underperfonn predictably in the future, but again by more than the costs 

of shorting these shares. It seems that there must be some other reasons-beyond the 

direct costs-why arbitrageurs are reluctant to short costly-to-borrow stocks. In this 

sense, my findings of large underperformance are consistent with the findings of Jones 

and Lamont, and Lamont, and lead to the same puzzle. In the rest of this section, I 

discuss some possible explanations of this discrepancy with direct short-selling costs, 

and also some alternative interpretations of my findings. 

Amplification of other limits to arbitrage 

One reason for this discrepancy could be that short-sellers demand a risk 

premium. There are a variety of reasons why this might be the case. Some are special 

to the nature of short-selling. For example, short-sellers face the risk that stock loans 

are recalled and that they are unable to re-establish a loan, possibly when prices have 

moved against their bets ("short squeeze"). This risk is greater for stocks that are 

costly to borrow (D'Avolio 2002a). Yet, it does not seem plausible that recall risk 

could account for the entire difference. More generally, short-sale costs may amplify 

other limits to arbitrage. Many models of limited arbitrage (e. g. DSSW 1990a, 

ShIcifer and Vishny 1997) feature arbitrageurs with short horizons. One reason for 
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short horizons are holding costs of arbitrage trades such as short-selling costs. The 

higher the holding costs, the more arbitrageurs are concerned about Prices moving 

further out of line in the short-run ("noise trader risk"), and the more reluctant they 

trade. Moreover, many institutional investors-most mutual funds, for example 

(Almazan et. al 2002)-are restricted from going short or are unwilling to do so for 

other reasons. The resulting concentration of short-selling activity among a relatively 

small group of specialized investors could limit their risk-bearing capacity. 

In this sense, the costs of borrowing stocks may not be the main impediment to 

arbitrage activity, but they may be the reason why noise trader risk matters more for 

costly-to-short stocks. This explanation could be consistent with my findings. It would 

predict that overpricing can occur for stocks that are costly to borrow, and that the 

magnitude of overpricing may be larger than the actual borrowing cost. 

Institutional investor demand 

Over my sample period, institutional investors more than doubled their share 

of the stock market. Gompers and Metrick (2001) argue that this can explain why high 

INST stocks earned higher average returns over this period. Institutions have 

preferences for large and liquid stocks, and when institutions receive inflows-as they 

did over the last two decades-they demand a greater quantity of these same stocks. 

Imperfectly elastic supply can then lead to price increases. The level of institutional 

ownership then predicts returns, because it implicitly forecasts future demand from 

institutional investors. A similar argument is put forward in Morck and Yang (2002), 

suggesting that valuation levels of stocks in the S&P500 have gone up over time in 

line with increased demand from passive indexers. This mechanism could explain 

why stocks with higher RI (Table 2) and those held by the Vanguard (Table 4) have 
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higher average returns. However, unlike the short-sales explanation, the institutional 

demand story cannot explain why this difference in average returns is concentrated 

among growth stocks. For returns on value stocks, institutional ownership does not 

make a difference. Hence, without additional assumptions, the institutional investor 

demand story is not entirely in line with the empirical facts. 

Institutional ownership as a proxyfor noise trading 

Low institutional ownership might also mean that order flow contains more 

uninformed demand shocks from unsophisticated retail investors ('I; noise traders"). 

Hence, there may generally be more mispricing for stocks with low institutional 

ownership. Such mispricings would then be picked up by fundamental-to-price ratios 

like book-to-market. In contrast, for stocks with high institutional ownership, the 

market would be more efficient to begin with, and hence book-to-market would not 

forecast returns as much. There at least two problems with this explanation. First, 

under the noise trading story, one would expect both value and growth stock returns to 

be affected by institutional ownership. Unless noise traders have a bias towards 

optimism, it would not fully explain my findings. Second, it is not clear what would 

prevent short-sellers from taking advantage of mispricing in low institutional 

ownership stocks. Absent short-selling costs, the fact that a stock has low institutional 

ownership as such does not constitute a reason why short-sellers should refrain from 

shorting it. 

Habitats 

However, short-sellers may have reasons to stick to the same kinds of stocks 

as institutional investors do in general. Institutional investors are known to prefer 
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large and liquid stocks (Gompers and Metrick 2001), and perhaps other, yet unkown 

characteristics. If the preferred "habitat" of short-sellers is largely identical, short- 

selling opportunities in the low institutional ownership segment may go unnoticed. 

The few active and perhaps specialized short sellers in this segment might demand a 

risk premium for bearing a larger burden of idiosyncratic risk, along the lines 

discussed above. 

Informed selling when institutional ownership is high 

It is also possible that short selling is simply not necessary to ensure an 

efficient valuation when a stock is held by a large enough fraction of institutions that 

are actively and skillfully monitoring its valuation. If institutional investors hold, say, 

70% of a firm's shares, there is a large potential selling pressure from professional 

investors that could perhaps compensate even large excess demand by optimistic 

investors, should it arise. However , if the proportion held by professional investors is 

low to begin with, the potential selling pressure from skilled and active money 

managers may be too low to neutralize optimists. In that case, the excess demand can 

only be absorbed without overpricing if short-sellers step in. A general lack of short- 

selling activity-along the lines of Almazan et. al (2002)-would then have 

consequences mainly for stocks with low institutional ownership. 

In summary, it seems that short-sale costs alone cannot ftilly explain the 

findings. However, alternative explanations also require some element of short-sale 

constraints to be consistent with all aspects of my findings. 
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4.9 Conclusions 

This chapter presents evidence consistent with the idea that overpricing of 

costly-to-short low book-to-market (B/M) stocks generates a substantial part of the 

book-to-market effect in stock returns. Stocks with low institutional ownership are 

most likely to become costly to short, because the supply of stock loans to short- 

sellers originates primarily from institutional portfolios (D'Avolio 2002). 1 show that 

these stocks exhibit the strongest book-to-market effects. Holding size fixed, and 

going from low to high institutional ownership quintiles, average returns of low B/M 

stocks vary from -0.09 percent to 1.01 percent per month, as predicted by the short- 

sale constraints hypothesis. This result is robust to adjustment for risk factor exposure, 

industry effects, infonnation effects, and various other checks. Furthermore, low B/1\4 

stocks show only little underperformance when they are held by the Vanguard500 

index fund or by Dimensional Fund Advisors. Both are passive investors with large 

stock lending programs in large and small-cap stocks, respectively. The supply of 

stock loans they provide seems to be sufficient to prevent overpricing in most 

instances. Finally, return predictability effects that previous research has attributed to 

short-sale constraints (breadth of mutual fund ownership effect; return continuation 

for loser stocks) are most pronounced among low B/1\4 stocks with low institutional 

ownership, giving further support to the notion that short-sale constraints are binding 

for these stocks. 

Two broad conclusions can be drawn from this work. First, and most 

importantly, the results do not support the use of a book-to-market factor (Fama and 

French 1993) as a risk factor in asset pricing models. Much of the value premium over 

the sample period 1980-2001 comes from market segments where its existence 
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appears to be most consistently explained by mispricing and short-sale constraints, not 

by covariance with some underlying risk factor. Second, my findings add to the 

growing body of evidence showing that short-sale constraints allow stocks to become 

overpriced. Yet, just like in other recent work (Geczy, Musto, and Reed 2002; Jones 

and Lamont 2002; Lamont 2002) it seems that the direct cost of borrowing shares is 

probably too small relative to the observed abnormal returns to fully explain why 

arbitrageurs are not more aggressive in trading against overpricing. It is conceivable 

that risk aversion on the part of short-sellers and other limits to arbitrage might also 

constrain short-selling activity in hard-to-borrow stocks. In particular, stock lending 

fees constitute holding costs that may amplify other limits to arbitrage, because 

holding costs give rise to short horizons. Or, perhaps most short-sellers simply restrict 

their attention to cheap-to-borrow stocks with high institutional ownership. Which, if 

any, of these explanations contains the key to a full understanding of short-sale 

constraints is, at this point, still an intriguing open question. 
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4-A Appendix: Nonparametric Regression 

4. A. 1 Kernel Regression 

The discussion follows Hdrdle (1990). 29 Nonparametric regression uses 

smoothing estimators to estimate the relationship between a variable Y, and a vector 

X, of explanatory variables 

yt = M(X 
J +, E t, (3. A. 1) 

where in(. ) is an unknown nonlinear function. In kernel regression, m(x,, ) is estimated 

by fonning a weighted average of observations around x,,. Consider first the 

univariate case, where Xt is a scalar and the sample size is T. The Nadaraya-Watson 

estimator is given by 

T 
2. 

dK , 
(u)Y, 

Mh 
(X) 

=: -1Wt, T 
Wyt 

= týIT 

T Kh (u) 

t=l 

(3. A. 2) 

where u=(x-X, )/h. The weights CO tj 
W in this estimator are derived from a 

probability density function, referred to as the kernel K, and the degree of averaging is 

controlled by a bandwidth parameter h. Observations with Xt close to x receive a 

higher weight. Extremely small bandwidths tend to reproduce the data; large 

bandwidths can lead to oversmoothing. In this paper I employ the Epanechnikov 

Kemel: 

kh (U) 
=3U2 uj:! ýJ) 

4 
(3. A. 3) 

29 Lo, Mamaysky, and Wang (2000) also provide a detailed discussion and a finance application of this 

method. 
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Wand and Jones (1995, p. 30) show that this Kernel has desirable statistical 

properties. In the case when Xt is not a scalar, a multivariate kernel Is required. I 

construct a bivariate product kernel from two univariate Epanechnikov kernels sharing 

the same bandwidth parameter (see Wand and Jones 1995, p. 103). This implies that 

the estimator smoothes by simi lar amounts in both directions 
. With u, = (x ,-X 1', )/h 

and u -":: (X 
2-X2, t )/h the product kernel is given by 2' 

Kh (Ul 
I U2)=kh 

(Ul )kh (U2 )- (3. A. 4) 

This bivariate kernel can then be used in the estimator (3. A. 2). 

4. A. 2 Implementation 

I use this bivariate kemel smoother ^ to evaluate the expected return fn hW 

conditional on B/1\4 and RI. To reduce the computational burden, I follow common 

practice and discretize the data on a grid of 100x 100 points in the B/N4-RI plane. To 

capture the fact that it is really the rank of B/M and RI that matters, rather than 

n'k absolute values of these variables, I take percentiles of B/1\4 and RI as grid points, 

calculated quarter by quarter. The discretization. is carried out using the linear binning 

method (Wand and Jones, p. 191). In this technique, the mass associated with each 

data point is distributed amongst the four neighboring grid points using a linear 

proximity measure. Next, I pool the data and calculate the kernel regression estimates, 

where annual returns are the dependent variable Yt, and B/M and RI are the 

explanatory variables Xt. 

The results presented in Figure 4.1 are based on a bandwidth of 15. In the 

context of the Epanechnikov kernel this means that observations more than 14 

percentiles away in either direction get zero weight, observations within this area get 
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weights declining with distance. I chose this bandwidth by visual inspection with the 

objective of obtaining a sufficiently smooth regression surface. Ideally, one would 

also like to eliminate this subjective element in the estimation process. In principle, 

this is possible. Cross-validation, for example, is a popular technique for automatic 

selection of asymptotically optimal bandwidths. Unfortunately, the cross-validation 

technique does not take into account serial and cross-dependence of errors. As a 

result, the selected bandwidths can be too small, and hence the estimated surface to 

choppy, because the method interprets correlation in errors as structure that is part of 

the regression model (see Hdrdle 1990, ch. 5 and 7). For a panel of stocks such as the 

one I am investigating here, this is of course a serious problem, because stock returns 

tend to be highly cross- sectionally correlated. Nevertheless, even at the bandwidth of 

4 selected by the cross-validation method, the basic shape of the surface is similar to 

Figure 4.1. It is however much noisier. 
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Chapter 5 

Summary and Conclusions 

The extent to which the activities of rational speculators in financial markets 

keep asset prices close to ftindamental value is one of the most important questions in 

financial economics. The literature surveyed in Chapter 2 shows that that the answer 

to this question is likely to depend on the institutional setting and the preferences of 

rational speculators. Preference-free approaches based on the absence of arbitrage 

opportunities are unlikely to provide tight pricing bounds for stocks. Typically, even 

large mispricings of stocks do not give rise to a riskless arbitrage opportunity. As a 

consequence, the degree of mispricing that can arise in equilibrium should depend on 

the costs, risks, and constraints faced by rational speculators. A growing body of 

empirical evidence shows that this approach can be useful to understand why 

mispricing can arise under certain circumstances. However, especially empirically, 

many important issues are still largely unexplored. In this dissertation, I contribute 

new evidence on two important questions. 

Chapter 3 uncovers interesting facts about the behavior of professional 

investors during a bubble period. It shows that hedge funds-probably the most 

sophisticated investors in financial markets--chose to ride the Technology Bubble in 

1998-2000 instead of taking positions against overpriced technology stocks. At the 

same time, they managed to withdraw from stocks that were about to experience a 

collapse of their stock price. This suggests that hedge funds may have been exploiting 

predictable patterns in investor sentiment. Theoretically, such predictability in 

investor sentiment can make it optimal for rational investors to invest in overpriced 

assets, in anticipation of future demand from sentiment-driven investors. Hence, the 
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empirical evidence in Chapter 3 suggests that this may be an important reason why 

bubbles can occur in financial markets. Rational speculators may trade off the 

expected benefits from exploiting predictable bubble growth against the expected 

benefits from bursting the bubble, as, e. g., in Abreu and Brunnermeier (2003). 

Chapter 4 turns to the cross-section of stock returns. It shows that short-sale 

constraints may provide an explanation for the book-to-market (B/M) effect and its 

relationship with other pricing anomalies. I show that the effect is, to a large extent, 

driven by the low returns of stocks with low B/M ratios and low institutional 

ownership. There are reasons to believe that returns on these stocks are so low 

because they are overpriced and short-selling is constrained. Stocks with low 

institutional ownership tend to be more difficult to short, because stock loans are not 

as easily available as they are for stocks with high institutional ownership. Moreover, 

other effects that have previously been linked to short-sale constraints (breadth of 

ownership effect; momentum in "loser" stocks) are most pronounced among precisely 

these stocks, consistent with the view that they are subject to short-sale constraints. 

Hence, direct short-sale constraints (e. g. in the fonn of short-selling costs) and indirect 

short-sale constraints (e. g. unwillingness or inability to short for institutional reasons) 

may be the reasons why some of the cross-sectional asset pricing anomalies are not 

eliminated by the forces of rational speculation. 

Overall, the evidence presented in this thesis gives further support to the view 

that insights into pricing of financial assets can be gained by studying the constraints 

and incentives faced by professional investors. There are, of course, many interesting 

issues that remain unresolved, and which are interesting areas for future research. 

With respect to the findings in Chapter 3, it would be interesting to perform a 

Similar analysis with an extended sample that spans multiple bubble periods. For an 
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initial analysis as that undertaken in Chapter 3, the Technology Bubble is the ideal 

setting, because of the extreme valuation levels seen during that time period and the 

availability of data on hedge fund holdings. However, since the nature of this evidence 

is rather clinical, obtained from one bubble ep1sode, It would certainly be worthwhile 

to investigate other periods as well. Other interesting bubble episodes might be found 

in different industries or in different asset markets. 

The evidence in Chapter 4, as well as some of the recent literature on short- 

sale constraints, points to another interesting area for future research. A general 

pattern across many recent papers in this area is that stocks that are likely to be short- 

sale constrained often tend to have subsequent returns that are low-consistent with 

the short-sale constraints story-but too low to be explainable simply by the direct 

costs of short-selling. Some potential gains from more aggressive short-selling seem 

to be "left on the table". One possible explanation may be based on the fact that short- 

selling activity seems to be concentrated among a relatively small group of 

professional investors. This may limit their risk-bearing capacity. The money left on 

the table may then be an indication of the risk premium that these short-sellers require. 

However, why does arbitrage capital not flow more quickly into funds that are willing 

to sell short? What are the institutional detenninants of the willingness to take short 

positions? Answers to these sorts of questions would provide further important 

insights. 

Put into a broader perspective, the existing work on limits to arbitrage suggests 

that many financial market phenomena can be best understood by analysing the 

institutional setting. There are rich research opportunities in this area. In Nagel (2003), 

for example, I explore the implication of institutional investors' trading styles for 

of this work is that to trading volume. The broad I11 understand trading 
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volume in financial markets it is crucial to understand the portfolio choice of 

institutional investors. Their decisions are likely to be driven by objectives and 

the por olio chol incentives that are very different from those than determi 
. tfl ce of 

consumers. An institutions-focused approach may therefore yield insights that a purely 

consumer-based approach cannot deliver. 
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