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Abstract 

Abstract 

This dissertation investigates how different types of market frictions affect security prices and trading 

behavior. The first chapter studies how liquidity risk and non-tradable wealth affect asset pricing. First, 

I derive a model with random endowment shocks and liquidity risk, showing that assets with higher 

liquidity or returns when non-tradable wealth is low command lower expected returns. Then, I test it on 

US stocks from January 1962 to December ? 004. The extra terms due to entrepreneurial income (the 

non-tradeable income proxy) reduce liquidity risk premia by almost 40%, with an impact of -0.45% per 

year on expected returns of illiquidity-sorted portfolios. Liquidity risk as a whole has a yearly premium 

equal to 1.06%. 

The second chapter focuses on the impact of dispersion of opinions and asymmetric information 

on stock. turnover near public inormation. releases. I develop a model and test how stock. turnover 

around earnings announcements in the US is related to proxies ofCdispersion of opinions and information 

asymmetry, finding that an increase in dispersion accelerates trading, while a similar increase in delays 

it. 

The final chapter is a study about the impact of short-sales constraints on stock price efficiency. We 

use a dataset with over 85.7 million. lending supply postings and 46.4 million lending transactions from 

January 2004 to June 2006. This information is available weekly for 17,015 stocks in 26 markets around 

the world. The main findings are as follows. First, short-sale constraints are associated with lower price 

efficiency. Stocks with limited lending supply and high borrowing fees respond more slowly to market 

wide shocks. Second, short-sale constraints have a small impact on the distribution of weekly stock 

returns. Limited lending supply is associated with higher skewness, but not with fewer extreme negative 

returns. Third, stocks with limited lending supply and higher borrowing fees are associated with lower 

R2s on average, 
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Introduction 

Introduction 
My dissertation studies how different types of market frictions affect security prices and trading 

behavior. The first chapter studies the effects of jointly incorporating liquidity risk and non-tradable 

wealth in a single asset pricing equation and has two main. contributions. First, I propose an overlapping- 

generations model with random endowment shocks and liquidity risk, evaluating their joint impact on 

expected returns. The model presents a single-factor asset pricing equation with a new term capturing 

the covariance between assets' liquidities and non-tradable wealth. In this economy, assets with higher 

liquidity or returns when non-tradable wealth is low command lower expected returns. Second, I inves- 

tigate if risks associated to liquidity are priced after including non-tradable wealth. due to entrepreneurial 

income. I test the model on equally and value-weighted portfolios sorted by illiquidity levels, illiquidity 

variation and size, using U. S. stock data from January, 1962 to December, 2004. The extra terms due 

to entrepreneurial income reduces liquidity risk premia by almost 40%, with an impact of -0.45% per 

year on expected returns of'value-weighted illiquidity-sorted portfolios. Overall, liquidity risk as a whole 

has a yearly premium equal to 1.06%. However, liquidity levels are much more important and have a 

premium of 6.14% per year, contributing to most of the explanatory gains of the model. 

The second chapter focuses on the theoretical and empirical impact of dispersion of opinions and 

asymmetric information on stock turnover near public information releases. I derive a model in which 

agents who receive private information of heterogeneous quality trade a stock before and after observ- 

ing a public signal, obtaining closed-form solutions for expected aggregate volume and its derivatives 

with respect to information asymmetry and differences of opinion variables. Following the theoretical 

research developed above, I test how observed stock turnover around corporate earnings announcements 

is related to proxies for dispersion of opinions and information asymmetry. I use the probability of 

informed-based trading (PIN) proposed by Easley et al. (2002) to proxy for information asymmetry and 

analysts' forecast dispersion for differences of opinion. I find that a one standard deviation increase in 

dispersion accelerates trading, reducing the difference between turnover around and turnover before an- 

nouncements by 8.50%; a similar increase in PIN delays trading, raising the difference by 8.29%. These 

results help to explain why a large number of events have high turnover before earnings announcements 

relative to turnover around them. Furthermore, the time-series difference between trading around and 
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Introduction 

before announcements helps to disentangle the impact of information asymmetry from those of proxies 

of differences of opinion. 

The final chapter is an empirical study about the impact of short-sales constraints on the efficiency of 

stock prices. We use a global dataset collected from several custodians, with over 85.7 million lending 

supply postings and 46.4 million lending transactions from January 2004 to June 2006. This information 

is available weekly for 17,015 stocks in 26 markets around the world. For each stock I estimate the supply 

of shares available Ior short-selling and the borrowing fee. The main findings are as follows. First, short- 

sale constraints are associated with lower price efficiency. Stocks with limited lending supply and high 

borrowing fees respond more slowly to market wide shocks. Second, short-sale constraints have a small 

impact on the distribution of weekly stock returns. Limited lending supply is associated with higher 

skewness, but not with fewer extreme negative returns. Third, stocks with limited lending supply and 

higher borrowing fees are associated with lower R2s on average. These findings challenge the claim that 

low R2s are associated with higher price efficiency. 
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Chapter 1 

Liquidity Risk and Entrepreneurial 

Income 

1.1 Introduction 

This paper studies the effects of liquidity risk and non-tradeable wealth on stock returns. First, I extend 

the model in Acharya and Pedersen (2005) to include random endowment shocks that capture non- 

tradeable wealth. I evaluate how these shocks affect expected returns in the presence of liquidity risk, 

deriving a single-factor asset pricing equation adjusted for liquidity and non-tradeable wealth that moti- 

vates the empirical analysis. In this economy, assets with higher liquidity or returns when non-tradeable 

wealth is low, command lower expected returns in equilibrium. Most importantly, it is the ratio between 

non-tradeable and tradeable wealth that matters for agents instead of the returns from non-tradeable asset. 

Second, I investigate if risks associated with liquidity are priced after including non-tradeable wealth 

due to entrepreneurial income. I test an unconditional version of the model on equally and value- 

weighted portfolios sorted by 
. 
illiquidity levels, illiquidity variation and size, using U. S. stock data from 

January 1962 to December 2004. The extra terms due to entrepreneurial income reduces liquidity risk 

premium by almost 40%, having an impact of -0.45% per year on expected returns of value-weighted 

illiquidity-sorted portfolios. Overall, liquidity risk has an yearly premium equal to 1.06% but, similar to 

previous papers (e. g. Acharya and Pedersen (2005) and K. orajezyk. and Sadka (2007)), 1 find that liquid- 

14 



Chapter 1: Liquidity Risk and Entrepreneurial Income 

ity levels are much more important to explain differences in stock returns, with a premium of 6.14% per 

year that contributes with most of the explanatory gains of the model relative to the standard CAPM. 

i.., iquidity can be broadly defined as the ability to quickly and cheaply trade assets at fair prices, 

Standard models do not take into account the fact that the degree of liquidity an asset possess can also 

affect its expected return. For example, because it is generally harder to sell a house than sell a share of 

IBM, agents require higher expected returns when investing in a house, an effect that is not considered 

by the CAPM. One obvious extension is to allow liquidity to change over time (hence the liquidity risk 

terminology), allowing assets to have different degrees of marketability over time. Many authors have 

shown the impact of liquidity risk, both in theoretical [Acharya and Pedersen (2005)] and empirical 

settings [Acharya and Pedersen (2005), Fujimoto and Watanabe (2003), Pastor and Stambaugh (2003), 

Sadka (2003), Wang (2003) and Korajcryk and Sadka (2007)]. In the presence oftime-varying liquidity, 

expected returns are affected not only by the covariance of returns with. state variables, but also by how 

liquidity moves together with them (like the market portfolio in the standard CAPM or consumption in 

the C-CAPM). 

However, none of the papers mentioned above study the effect of jointly incorporating liquidity risk 

and non-tradeable income in a single asset-pricing equation. More specifically, I focus on human cap- 

ital as the source of non-tradeable wealth and entrepreneurial income as its proxy. Thus, the economic 

significance of liquidity risk could be due to an "omitted variable" problem, caused by excluding the 

impact from systematic movements of returns and liquidity with entrepreneurial income. During peri- 

ods of relatively lower entrepreneurial income, it is important not only to own assets that provide high 

returns, but also ones that can be easily sold. For example, suppose that an investor suddenly becomes 

unemployed and his only asset is a house worth S1 million that cannot be easily sold due to a "cold" 

real-estate market. He would happily agree to own a more easily marketable asset, say IBM shares worth 

51 million dollars, even if it gives him smaller expected returns. Therefore, systematic fluctuations of 

liquidity and returns with non-tradeable income might be priced in the cross-section of expected returns. 

Although there are several different sources of non-tradeable income, like human capital (Jagan- 

n. athan and Wang (1996) and Heaton and Lucas (2000)) or real estate investments (Lustig and Nieuwer- 

burgh (2005)), in this paper I chose to focus only on effects caused by labor income on traded assets. 

15 



Chapter 1: Liquidity Risk and Entrepreneurial Income 

Labor income comprises the largest part of households' income (in 1989, wages comprise 78.4% of total 

income versus 3.1% due to personal dividend income). In particular, I focus on the income due to en- 

trepreneurial ventures, which has been shown to comprise a significant component of income to investors 

with significant stock holdings. 

The rest of the paper proceeds as follows. Section 2 surveys the literature, Section 3 describes the 

model linking non-tradeable wealth and liquidity risk. Section 4 describes the data used to test the model. 

Section 5 reports the empirical results. Section 6 concludes. 

1.2 Literature Review 

Asset pricing models show how a set of state variables influences expected returns through their effect on 

investors' utilities, using variables like aggregate stock market returns, consumption or dividend-yields to 

explain returns of financial securities. The basic version of the Capital Asset Pricing model (CAPM) (see 

Sharpe (1.964), Lintner (1965) and Black (1972)), uses the market portfolio return as the state variable 

to derive a formula that expresses expected excess returns o: [ an asset as a function of the covariance of 

its returns with the market portfolio. However, as pointed by Roll (1977), the market portfolio cannot be 

observed and rejection of the model in empirical studies may occur due to the use of improper proxies for 

this portfolio and not because the model itself is a poor representation of reality. Mayers (1973) extends 

the results of the basic CAPM. to include human capital in the wealth portfolio, but Fama and Schwert 

(1977) do not find any significant empirical differences between the two models' results. 

Trying to tackle Roll's critique, Jagannathan and Wang (1996) estimate a conditional version of the 

CAPM with human capital returns, finding a large increase in the explanatory power of the model after 

their proxy for hunman capital is added to the market portfolio. Following their evidence, the correlation 

between stock markets and labor income returns shows the practical relevance of models that take into 

account not only how assets move with stock returns, but also how these assets vary with human capital. 

Another strand of the asset pricing literature tries to measure the impact of liquidity. broadly defined 

as the ability to quickly and cheaply trade assets at fair prices, on securities returns. Standard models do 

not take into account the fact that the degree of liquidity an asset possess can also affect their expected 
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Chapter 1: Liquidity Risk and Entrepreneurial Income 

returns. One obvious extension is to allow liquidity to change over time (hence the liquidity risk termi- 

nology), allowing assets to have different degrees of marketability over time. Many authors have shown 

the impact of liquidity risk, both in theoretical [Acharya and Pedersen (2005)] and empirical settings 

[Achaiya and Pedersen (2005), Pastor and Stambaugh (2003), Sadka (2003) and Wang (2003)]. 

1.3 Model 

The setup is similar to Acharya and. Pedersen (2005): an overlapping generations economy in which iV 

new agents (indexed by ri), with a life span of two periods, are born at time / and trade in periods I 

and / (ý 1. Agents derive utility from expected consumption at 1: II and have CARA utility functions 

with constant absolute risk aversion coefficient given by A,,. Thus, the rz-th agent has preferences given 

by E, ( c: - 'l tJVt+' and chooses her stock holdings at time (given by the vector y, ) to maximize her 

utility function. 

The economy has 
.I securities, with a given stock i' having a supply of S; shares. At time t this stock 

has an ex-dividend price pays dividend D and has a liquidity cost C. This cost is paid whenever 

an agent sells the stock. and is meant to capture all costs arising due to liquidity issues. The fact that 

this cost only applies to sales is not problematic, since agents trade only once and Ci can then be seen 

as a round-trip cost of trading. Furthermore, it is assumed that agents can freely borrow and lend at an 

exogenous risk-free rate vj. > 1.. The inclusion. of a random endowment shock at time t+1, represented 

by Ll+ 1, is used to capture the impact of non-tradeable wealth on asset prices. In the empirical section, 

I focus on aggregate entrepreneurial income as the only source of non-tradeable wealth. 

The maximization problem of agent ii is given by: 

Max EL1 1"t. +i] . ý... 
A,, 

k,, a, rt[Cý'ýr+I 
yql 

where 

H/w t= Pt+t .... ý.... Dt+t........ . Cc+it 1 Yn 'r r: t YT: t, i 4- LL+t (1.? ) 
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Chapter 1: Liquidity Risk and Entrepreneurial Income 

The processes followed by D,, +1, C'1+1 and Lt. +i are given by the mean-reverting equations: 

Dt+I =Dý.... (D ...... ct+i. 

rY^Y C t... }.. z = C; + , (Gt - G) + l)t-ti-7. 

Lt+- ,=L+ 7(L1 - L) + vt+I 

with 
0 )11-1 Zinc: »1; t.. f. l 

r)t+l 
1V 0 BCD YC' CL 

Vt+1 ýý )iLL) )iLC' EL 

(1.3) 

(1.4) 

and I); > C'; Vi=I, - ., 
1. Also ED 

, 
'-'(", )11ýc and D are IxI symmetric matrices, > DL and 

v(", are I x 1 vectors and E f, a scalar. The covariance matrices are assumed constant over time. The 

parameter capturing mean-reversion is assumed equal for. Dt_. f.. I., Ct_. i..., and Lt.. i_7 for tractability reasons. 

In order to ensure stationarity, I also assume that J^ý (<1. 

The FOC, imply: 

ýl - -t'ci. rr. ('t+l + i) +l - C. t+l).. 
l 

. 
ßt[(1 +l +D ±i - C'i+l) - ý'. fl'tI tra 

f 

-1, 'art (Pt-. }. _1 
+ Dt_. 1 Covt [(Pt.. i... 1 + Dti... l - C-t... f.. i) , 

Lt +ý. 

Finally, prices are found through the market clearing condition Ey,,, -- S and are given by: 
rz 

1 . 1(Pt.... F1 f . 
lit+z -Ct_,... 1. ) -AVart ( ti. 1 +1 -Ct... }. -1)S 

r'. f 1V ACoz c ('i+ .... f.... t+ i ........ Ct+) , Lt+i ) 

" WithA 
(i)]'. 

7t 

The resulting linear equilibrium prices are: 

(1.5) 

(1.6) 

1-A I-, S (DI _ C1) (1.7 } 
1 

Ff 'rf 
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Chapter 1: Liquidity Risk and Entrepreneurial Income 

. 111) = ED,,. y(-ý D, YCD Vart(rt .. EC with F 

Comparing the equation above with the one in Achaiya and Pedersen (2005), we can observe that ex- 

tending the model to include random labor income affects prices only by adding an extra term, A'A (`: 1)1 
- YcL). 

It is related to the covariance between net dividends and non-tradeable wealth and shows that assets for 

which net dividends are higher whenever entrepreneurial income is also high, will have lower equilibrium 

prices. 

Solving for y, allow me to obtain the number of shares purchased by agent n in equilibrium: 

? ýrý_-S+ (NA... Ar1. )I (ED I, ECV, ) (1.8) 
/171 

If future income is deterministic or uncorrelated to net dividends (Y )1 - YCT = (? ), all investors 

hold a positive fraction ,7 of the market portfolio S. Thus, no short sales take place and the standard 

CAPM holds for net returns. 

Effects of adding random endowments to the model arise when F-1 (>'' >DCL) is different from 

zero. An increase in the correlation of net dividends with non-tradeable wealth leads to a fall in stock 

holdings by agent Ti if A,,, > NA, i. e., when she is more risk-averse than a measure ofaggregate risk 

aversion. 

......... [1 ý" The expected return on a portfolio with weights given by qc is: 

L3-I-a. f(1 
D<< Ir°ýý; TYýý_"ý2 

(1.9) 
t 

where 
Y 

qý NA (F, vL -? 
Lý (I. 1ü) 

'r f 
B=r rf 

1 

The notation used to express portfolio's characteristics is the following: for any variable Xi we have X' = q1 Atý. For 

,Tfn,,..,.., .. i.. D. L.. ý_, jt 1+Drf+i 
example, gross returns are given. by: r. 1LI, t 
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Chapter 1: Liquidity Risk and Entrepreneurial Income 

Empirical tests require a representation in terms of the market price of risk. From equation (1.6) we 

have: 

rf pt _ Et (Pt.. }-1 + Dt-i. 
-]. - 

Ct.. i... 1) - AVart (Pt-. +_.,. + Dt.. + .. 1 - Ct+i) S' 

--NACo? t (P1+"a + Dr. +:, 

Multiplying by S'' yields the market value on the left-hand side: 

r. 1I ; ýý - Et ýI 
ll'' + 1... )t+1 - ýýi i) - ... 

ýý'arýf ( ß'r1 + l. )t'+1 - C1'+l) f t\I 

7ACov; (P`ý1 }-. D"'ýr (ß. l1 L+ t rfl... t[A.... _ t«i, 

Dividing by Pi'lI, I obtain A. as a function. of returns: 

Et ýrAr - Cl, V rt 
V arg; (rtti. c'(1) P'+ NCovt (rt fzc ttiý 1, Lt+l 

Going back to the pricing equation (1.1 1. ), for any asset i we have: 

rf Pt = El (1't{... 
... ý.... Wit.. +.. I . C'ti... l) 1'ýý AC; ovt [P/ 

..;.. a . _f... t)ti., c 1, Lt. +1 

-4 Cov(i 12T1 + . 
1)t+l -- Ct+i, 

.1 
f+1 Cc+i)SJ 

. 
1-1. 

Dividing by Pt and rearranging terms inside the covariances leads to: 

(l. 11) 

(1.12) 

(1.13) 

(1.14) 

'f 
ii 111 

A 1" 
- 

NT Cou (r 
-1 I= AC 02%(, i... ýl. - . _.. 1, ýt... l... l - Cti. I 

), P. { t.. l... a t... ý... ý, t...,... 1. 
r- Et ýrt 

-1- 1 ct t ct 

.. }... 1ý , 

iifi. 
_i.,, 

ll 11 + ýý; C'uzý it 
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Replacing . -1 by the result in equation (1.13) and dividing above and below by yýl 
,I 

finally obtain: 

,ýE. r. n 
- ct++ i (1.16) 

11f 11l l 1.1 Ttti} Vari (r'r, 
+l + NCov1 rt+i - t+j, TjTF 
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[co. 
vtei+i ...... _ c, t+1 r"-" __ NG o vt r*t + :l r's+ la 1I 

The equation above is solely a function of observed variables and can be used to test the model's impli- 

cations. Under the assumption that covariances are constant over time, the unconditional version of the 

model is given by: 2 
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(1.17) 

(1.18) 

There are two main differences between equation (1.1.7) and the one derived in. Acharya and Pedersen 

(2005). The inclusion of non-tradeable wealth adds two new covariance terms: 3j.,,, j,,, b and /31(11,0,., which 

2This assumption is made for tractability. A conditional CAPM approach like the one in Acharya and Pedersen (2005) is 

also possible. 
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account for the covariance between net returns and liquidity and the covariance between non-tradeable- 

to-tradeable wealth ratio. It also affects the other betas via the denominator, which contains the variance 

of net market returns plus this extra covariance term of net returns with 
(1\, i). Thus, any variable that jt 

provides individuals with additional (risky) income in the future will affect expected returns of tradeable 

assets, as agents can only hedge this extra source of risk by investing in stocks, giving a theoretical 

explanation for why variables like proprietary income [Ileaton and Lucas (2000)] are priced in the cross- 

section. 

Looking at equation (1.18), we can observe how betas of the market portfolio add up to one, i. e., 

t34'. E. = 1. This expression is similar to the result obtained by 
ah 10)07) 

Mayers (1973 ), but now adjusted for liquidity risk. 

In total there are four terms related to liquidity risk: X32,03, /34 and i31iq lab. I summarize the impact 

of the correlation between non-tradeable wealth and liquidity changes with the following proposition: 

Proposition 1 Consider a portfolio with weights qe Ißt such that net returns are given by r +i = 
,ý ýr.. 

j.. 14-Dtj I 't, -1I ne l 
f, r1A marginal increase in the covariance between nel dividends and non-trade able income 

increases conditional expected returns whenever (D', ' - CII) > O. 

rtel 

ý'fýl .. } ý, ) ýýý1 
....... "(I) Vi ... 1ý ýD Cýý)ý Proof. ý),, r(Eý'L1 

1E`L) F 

IFt `ý 
Thus, (D - Cif) >0 ý)q r' (ýr., 

'. 
- "J Lý > (?.   

1.. 3.1. The Four Liquidity "Betas" 

This subsection further develops the underlying mechanisms through which expected returns are affected 

by liquidity risk, describing the economic intuition behind the betas shown in equation (1.17). 

!. ý3z Coy (ct... 
i... l ' 1) : This term compensates investors for holding stocks that become more 

illiquid as the stock market becomes more illiquid. This effect is known in the literature as the 

"commonality-in-liquidity" ef(ýect. It has been documented by Chordia, Roll; and Subrahmanyann 

(2000), Hasbrouck and Seppi (2001) and I-luberman and Halka (2001) and its impact on prices 

first is objectively estimated. by Acharya and Pedersen (2005). In terms of the model, if illiquidity 

22 



Chapter 1: Liquidity Risk and Entrepreneurial Income 

increases for the market as a whole, investors optimally prefer to sell assets whose illiquidities 

didn't go up as much. Ceteris paribus, net dividends for these assets are higher, increasing the 

price paid for stocks with illiquidities that don't vary much with market illiquidity. 

2. ;: C oy (rt... I l, (It :1): This effect is due to the covariance between asset's returns and market illiq- 

uidity and works in the same manner as the previous one. If market illiquidity goes up, investors 

would pay a premium for stocks that have higher dividends, as it is another way to keep net div- 

idends constant. This effect is studied by Pastor and Stambaugh (2003), Fujimoto and Watanabe 

(2003), Sadka (2003) and Wang (2003). 

3. , 
(3 Cot' (c 

+2, r. 
j' 1) : As market returns increase, investors have more appetite for less liquid 

assets, accepting smaller expected returns. Alternatively, during periods of low market returns, 

agents are particularly interested in assets that are more liquid, since they could sell their holdings 

at a lower cost. The impact of this effect on asset prices is analyzed by Acharya and Pedersen 

(2005), who show that this term is by Ear the most important of the liquidity risk terms, with a 

premium of approximately 0.8%, a year. 

ý(ý 
Coýiýf -p, 

): This term summarizes the contribution of this paper to the liquidity 4.31' lrzb 'i E1 p1' 

literature. It shows that agents prefer assets that can. be more easily sold during times when the non- 

tradeable to tradeable wealth ratio is low. Investors are specially dissatisfied with stocks that have 

higher transaction costs when larger shares off` wealth come from marketable assets, i. e., periods 

in which they are unemployed. At those times, most of their consumption comes from tradeable 

assets and to hold relatively more illiquid securities, they require a premium. 

1.4 Data 

1.4.1 Stocks 

The monthly sample uses data for the period January 1962-December 2004. lt includes NYSE and 

AMEX common stocks (CRPS's SHRCD values 10 or 11). ' The daily data used to compute the illiq- 

3 stocks are excluded from empirical tests because they only have daily data available starting in 1982. This ensures 

consistency of the illiquidity estimates detailed below. 
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uidity measure are based on CRSP's returns and. volume data from January 1. st, 1962 to December 31st, 

2004. Book-to-market ratios (B/M) are computed with the procedure described in Daniel and Titman 

(2003) and use Compustat data for book values. 

Sorted portfolios only include stocks that in the previous year had prices between S5 and S 1000 

dollars and data for at least 100 days. These requirements are imposed to reduce estimation problems 

due to infrequent trading and are similar to the ones used by Acharya and Pedersen (2005) and Pastor 

and Stambaugh (2003) and have the purpose of reducing measurement error in illiquidity series. In 

order to adjust for delisting bias, I use the suggestion of Shumway (1997) and assign a -30% return to 

delisting returns for stocks delisted due to "poor performance". 4 I construct portfolios using equal and 

value-weighted returns to make the conclusions more robust to the sorting procedure. 

The sort on illiquidity levels in year t uses average illiquidity of el. i. gible stocks in year t-1 to form 

25 portfolios from January 1962 to December 2004.1 then track these stocks until the last month of year 

t:, when they are rebalanced and new portfolios are formed. Sorts on illiquidity variation are based on the 

standard deviation of daily illiquidity calculated in year t-1. Finally, size-sorted portfolios are based on 

December of year t-1. values. The market portfolio in month t is constructed based on equal-weighting 

all stocks with prices, at the end of year (, --- 1, between 5 and 1000, and data for at least 15 days. Equally 

weighted stocks are used as a way to reduce the over-representation of large stocks in my proxy of the 

"true" market portfolio. 

The return of a portfolio i in month t is given by: 

i c, S 
rýI WI r1 

s in i 

(1.19) 

with rr being the weights of stocks that fulfill data requirements and i- ' the return of stock on month l.. 

Similarly, their normalized illiquidity is given by: 

/ _S ['. t = ý:: T 1S C 

Sin 8 

(1.20) 

4Sluanway (1997) shows how Missing delisting returns could lead to biases in asset pricing models' tests. In particular, 

stocks delisted due to what he broadly classifies as "poor performance" reasons (CRSP codes 500,520,551-574.580 and 

584) are found to have an average corrected delisting return equal to >0% from data collected outside CRSP. Following this 

evidence. I assign a -30% to all delisting returns that have the delisting codes mentioned above. 
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1.4.2 Liquidity Measure 

In a perfect world, agents would be able to freely move their holdings without paying any transaction 

costs. In real life though, a liquid market is one where these costs are minimized. They not only include 

explicit costs like commissions and taxes, but also implicit ones arising due to asymmetric information 

[Glosten and Milgrom (1985) and Easley and O'Hara (1987)]. 

The literature suggests many alternative measures to capture these costs, such as the bid-ask spread, 

amortized spread, volume or turnover [see Aitken and Comerton-Forde (2003) for a survey]. Unfor- 

tunately, many of these measures require intra-day data that are unavailable for the long time periods 

required by asset pricing tests. Amihud (2002) proposes a measure of illiquidity based on daily data 

shown to be related to price impacts of trading and transaction costs. The daily frequency of this mea- 

sure allows calculation ihr the larger number of observations required by tests of asset pricing models 

and has been extensively used in the literature [Acharya and Pedersen (2005), Fujimoto and Watanabe 

(2003), Pastor and Stambaugh (2003), Sadka (2003) and Wang (2003)]. This measure is given by: 

Da f. s; R"z 1 t, d 
ILLIQi =ET. '` 106 (1.21) 

/ ne, Dayst 
d= cal11"I "; d 

with R. t f, and Volu. rne' ýý 
denoting the return and dollar volume on day d in month I of stock i, and 

Da; ýjs. represents the number of valid data points für stock. 1- in month t. I LLI Q measures the absolute 

price change per dollar of trading volume, with large values representing highly illiquid stocks. For 

example, stocks with large swings in prices but low volume are considered illiquid under this measure. 

There are two major problems in directly using I. LLIQ in regressions to estimate the risk premium: 

first, it is not stationary, as the inflationary component in dollar volume makes it drift towards zero over 

time. Second, it is not an explicit measure of trading costs like effective spreads. In order to mitigate 

these issues, regressions use a normalized measure of illiquidity: 

3-1.22) cz=I0in, (0.23+0.3XH.,. LIQz r*X 
ýtýAll, 30)), 
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where N,, 1. ý, is the ratio of market capitalizations at the end. of month t --. - 1 and July 1962. The ratio _ýýtýl i 
is used to turn ct into a measure of the cost of trading relative to stock price. This scaling also has the 

additional advantage of making . 
ILL/Q relatively stationary. 

The two coefficients (0.28 and 0.3) are calibrated so that c has mean and variance approximately 

equal to the effective spreads of the size-sorted portfolios measured by Chalmers and Kadlec (1998). 

Their paper reports that these portfolios have effective-spread mean and standard deviation of respec- 

tively 1.1.9% and 0.97%, with values ranging from 0.29% to 3.41 %. As for ct , 
it has a mean of 1.39",, o 

and standard deviation of 1.67%, with values ranging from 0.29% to 5.56% for identically-formed port- 

folios using data from January 1962 to December 1999. 

Also, it is often the case that, for stocks with low trading volume, I. LLIQ is very high, yielding 

unreasonable values for c. In order to prevent exclusion of these firms from the sample, stocks with 

ct greater than 30% are truncated to ensure that results are unaffected by outliers ILLIQ due to high 

return-low volume days. Without the truncation, some stocks would have a value of c, greater than 

100%, which is clearly not possible. Overall, this calibration allows me to interpret ct as a measure of 

percentage cost per trade. 

As agents already factor out expected components of time series in their calculations, I use the 

unexpected component of illiquidity for estimating betas. The specification used is based on an AR(2) 

specification. similar to Pastor and Stambaugh (2003) and Acharya and Pedersen (2005): 

0.28 + 0.3 ILLXQr X". "l = ao + a1 
(0.28 + 0.3 * ILLIQt-i * ýýt 

lI (1.23} 

+a2 
(0.28 + 0.3 XIL. L. I Q't-9> * x1) + itf, 

0.28 with 1LLIQt= m. i . 
(1LLIQt, 

-: 
3 
30- , 

This specification is used for two reasons: first, the expression for ct in equation (1.22) involves 

Xt111 and estimating the model with lags of. (,, ' might capture innovations due to changes in P"', and 

not those only due to illiquidity. Hence, 1 use a truncated measure of ILLIQ while keeping _1'`till 

fixed, making them free of innovations due to market capitalization increases. All other references to 

illiquidity throughout the paper though, refer to cf. Table 1.1 shows estimated coefficients of the AR(2) 
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model for the market portfolio. The adjusted R2 of the equation is 91 % and generate residuals free of 

serial correlation. 

The estimated correlations between normalized illiquidity shocks of the market portfolio (c ") and, 

respectively, Acharya and Pedersen (2005) and Pastor and Stambaugh (2003)'s measures of market illiq- 

uidity shocks are equal to 0.56 and -0.35 and are shown in Table 1.2.5 Figure 1 exhibits estimated 

illiquidity levels and residuals for the market portfolio. On average, market illiquidity has fluctuated 

around 3.19%, with the latest levels in December 2004 being close to this average alter the spike seen 

during the Internet bubble. The residual series show that J LLI Q is able to capture periods usually as- 

sociated to illiquid market conditions, like the oil crisis in 1973, the market crash in October 1987, or 

the LTC VI crisis in October 1998. The apparent increase in illiquidity levels over time (especially during 

the Internet bubble period) can be explained by the higher number of thinly traded stocks entering the 

equal-weighted market portfolio during those years. 

The residual zti of equation (1.23) is taken as the innovation in illiquidity used to calculate liquidity 

betas in equation (1.17): 

(1.24) et - Et 
-- i 

(c'r )= ü,. 

1.4.3 Non-tradeable Wealth and Entrepreneurial Income 

Ideally, we would like to have a measure of aggregate non-tradeable wealth over time. In this paper, 

I'm most interested in looking at a component of wealth that captures changes related to human capital, 

which is a source of capital that cannot usually be used - if at all - as collateral to smooth consumption. 

In this way, income derived from labor is the first proxy that comes to mind. Heaton and Lucas (2000) 

has shown that the return from entrepreneurial ventures constitutes an important fraction of income in 

households that also have large stock. ownership. They report that this proprietary income is more volatile 

and correlated to stock returns than when the variation in real aggregate wages are used (correlation with 

the CRSP value-weighted market returns equals 0.14, versus -0.07 when using real aggregate wages)and 

able to improve the performance of asset pricing models over similar models that only includes wage 

income. Other forms of non-tradeable illiquid wealth, like real estate assets, are also expected to affect 

'Pastor and Stambaugh (2003) measure liquidity instead of illiquidity. which explains the negative correlation. I kindly 

thank both sets of authors for providing their data on illiquidity innovations. 
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the expected returns of stocks, but the lack of Long-term time-series makes it difficult to measure their 
impact as sources of return variation. 

I measure this source oaf' income with data on non-farm proprietors' income, defined as income of sole 

proprietorships and partnerships and of tax-exempt cooperatives, excluding any dividends and interest 

received by non-financial businesses and rental incomes received by persons not primarily engaged in the 

real estate business. Essentially, they measure aggregate income of entrepreneurs, whose private enter- 

prizes' income are hard to diversify (like income from a small shop, for example). Hence, any systematic 

risk from this source of income can only be hedged via stock holdings, leading to a potential impact on 

expected stock returns. I also perform tests using alternative measures of labor income (Jagannathan and 

Wang (1996), Lustig and Nieuwerburgh (2005)) and show that my results are even stronger when more 

aggregated measures are used. 

Given the static set-up of the model, all shocks to labor income are permanent and I cannot distinguish 

income --.. a flow variable --- from wealth. Empirically, there are two possible variables that could be used 

to test it, but I implicitly assume a constant growth rate of income and focus on current income only, 

similar to Jagannathan and Wang (1996) . and Heaton and Lucas (2000). 

Note that the model proposes a measure different than usually seen in the literature [see for example, 

Jagannathan and Wang (1996), Heaton and Lucas (2000) and Palacios-Huerta (2003)], which use proxies 

of returns on human capital. Here, the relevant variable is the ratio given by ýý1 corresponding to 

aggregate non-tradeable wealth at time t+I of a cohort born at time t divided by the aggregate stock 

market wealth at time l:. As mentioned before, I estimate NLI, ±r using aggregate non-farmn proprietors' 

income from Table 2.8 in the National Income and Product Accounts o/'the USA. ' Since labor income 

data are usually published with a one-month delay, I lag values to better capture the information set 

available to investors. Also, because analysis of (TH ýproduces strong evidence of non-stationarity, 

I use first differences when testing the model and use them as shocks to entrepreneurial income. As 

another robustness test, I replace the non-tradeable to tradeable wealth ratio proposed by the structural 

model with returns on labor income measures, finding that results are actually even stronger. 

"Data on earnings are published by the Bureau of Economic Analysis, US Department of Commerce and can be found at. 
http: //www. bea. doc, gov/bea/dn/nipaweb/index. asp. 
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In Figure 1.2,1 plot both the wealth ratio, Al -)7- L ý-, and its first differences over time. Entrepreneurial 

income corresponds on average to 12% of total market capitalization on and exhibits a negative trend 

since 1960, although it increased a little during the past 5 years. For comparison, the average value 

of aggregate labor income corresponds to roughly 133% of the aggregate stock market value. In Table 

1.2 1 show correlations among different illiquidity measures, market returns and the wealth ratio. We 

can observe how the wealth ratio is highly correlated to illiquidity shocks and that market illiquidity 

measures are more correlated with differences in than market returns. However, well later see 
t 

that because Cov(cf11 Nf--= ') is much smaller in magnitude than Cov(r. t 1, `ý f t11 1), the overall impact 

on expected returns is larger for the former rather than the latter. We can also observe the negative 

correlation between market illiquidity and market returns, i. e., periods of bad returns are also associated 

with greater illiquidity, reinforcing the intuition of a liquidity risk premium in stocks. 

1.4.4 Liquidity Risk 

This subsection provides the description of risk associated to liquidity as measured by 32, Tja, 34 and 

equation (1.17). First, I calculate monthly returns and illiquidity of an equal-weighted market 

portfolio and of yearly-formed portfolios sorted according to illiquidity, size or B/M ratios using data 

from January 1962 to December 2004. Since illiquidity measures and the wealth ratio are all very 

persistent, I use the unexpected component of these variables (instead of levels) to avoid any possible 

correlation between expected illiquidity and expected returns that have already been incorporated by 

agents into prices. I then estimate innovations in illiquidity implied by the model in equation (1.23) and 

use these shocks, together with the first difference of the wealth ratio, to calculate the betas shown in 

equation (1.16). Market return innovations are estimated from shocks using an AR(1) process to remove 

first-order autocorrelation. 

Given betas derived m Equate on (1.18), I cannot use the standard practice of estimating time-series 

regressions for each portfolio's returns series to obtain them. Instead, I take the moment conditions 

implied by equation Equation. (1.18) and compute betas via GMIM estimation using Hansen's optimal 

weighting matrix. Then, in a second stage. I use these calculated betas as inputs to Equation (1.23) and 

estimate the risk premium implied by the data. 
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Table 1.3 exhibits the correlation among expected. illiquidity levels and betas for each sorted portfolio. 

The liquidity betas are not only highly correlated among themselves, but also to illiquidity levels (E (C0) 

across all portfolio sorts. This correlation remains high even when betas are aggregated betas according to 

Equation (1.17). This collinearity explains why it is so problematic to pin-down individual liquidity risk 

premia, motivating the calibration of the parameter associated to illiquidity levels, trying to disentangle 

premia arising from individual liquidity risk components from ones due to liquidity levels. 

As shown by Acharya and Pedersen (2005), less liquid portfolios also tend to have higher illiquidity 

betas (, A 
, 

A3 and 3J However, these portfolios also tend to have positive r31. jq. laj, and negative ýIab I.. 
folio Thus, whenever entrepreneurial income is relatively high, portfolio illiquidities are high while port 

returns are low. Given a positive risk premium, these betas reduce expected returns and counterbalance 

the liquidity risk premium estimated by Acharya and Pedersen (2005), reducing the overall size of tlhe 

risk associated to time-varying liquidity. Portfolios that have lower liquidity costs or higher returns when 

entrepreneurial income is low are desired by investors, decreasing their expected returns in equilibrium. 

1.5 Liquidity Risk Prer7ia 

1.5.1. Cross-sectional Regressions 

This section discusses the economic significance of the estimated risk prernia. I run regressions of 

excess returns on betas estimated by equation (1.17) with portfolios sorted by illiquidity levels, illiquidity 

standard deviations and size. 7 1 consider different cases of the following regression: 

(r 
t i) o kE 

\Ctý f Arraktrrrekt .... f. Aliqj 
liq { AIabo,. ln. bor 

- , 32 . _... ý3 
3. Ir With '5' .-ýi ja 3, ii ii'iq. Ja b' ý3 Net. - 'ý rn. h; i. <,. 1 ab 

The liquidity-adjusted CAPM derived in this paper has only one risk-factor (ý et), but I also estimate 

regressions relaxing the restriction that all types of liquidity risk factors face the same risk premium, 

trying to pin-down. individual estimates for each liquidity component. The 31,;, 1 parameter subsumes 

7This two-stage procedure implicitly assumes away any estimation error in betas. 
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all liquidity risk-related effects and allows me to test whether the entrepreneurial income-related betas, 

f /i(1, lab and have any explanatory power above and beyond the impacts of liquidity levels (E (ci)) 

and liquidity risk (13j; ýý), The coefficient k is used to adjust for the difference between the estimation 

period and the holding period of investors: since E (crý is not scaled by time, as holding periods increase, 

costs of transacting are spread over more periods, reducing the monthly premium for illiquidity levels 

required to hold an asset. Also, because of collinearity between expected illiquidity and the liquidity 

betas, I run equations in which k"E (ct) is calibrated. Here, I choose k; to be the average turnover of the 

25 portfolios used to test the model. For illiquidity-levels sorted portfolios, it equals 4,44% per month, 

implying an average holding period of 22.5 months. 8 Thus, the total monthly effect of illiquidity levels 

on expected returns is given by k. E (c 0 
. 

Table 1.4 presents the descriptive statistics of value-weighted illiquidity-sorted portfolios. We can 

observe that sorting on illiquidity letivels generate portfolios that also sort stocks by their illiquidity risks 

(measured by J, 
, 

J, 3, k34 and Entrepreneurial income betas become more negative with illiquid- 

ity, implying smaller expected returns. As expected, portfolios with higher illiquidity also tend to have 

higher returns, risk and B/M ratios, but smaller sizes and turnover. 

Table 1.5 contains estimated parameters using sorts on illiquidity levels with value-weighted returns. 

The first three equations estimate factor premia without adjusting for differences in illiquidity levels, In 

Row 1, the standard CAPM is rejected and have a low R2, as it tends to underestimate actual returns. 

Row 2 has added to the model and its high statistical significance is a consequence of collinearity 

with omitted liquidity betas. In other specifications, I cannot reject the null that Aic, tý, r =0 when liquidity 

terms are added. 

The main regression implied by the model appears in Row 5 and has statistically significant premium 

and intercept statistically not different from zero. The model adds explanatory power by making an 

adjustment for liquidity and non-tradeable wealth to the usual CAPM, but it still. has only one risk factor. 

The risk premium associated to illiquidity levels is significant in most regressions, but as different risk 

premia are allowed, the impact of collinearity becomes stronger and liquidity betas' coefficients are 

no longer individually significant. However, the point estimates associated to market returns (31 in 

The dependent variable in this case becomes r- 
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column 3) and liquidity parameters in column 4) seem stable regardless of whether I calibrate the 

coefficient on liquidity levels (rows 4-5), use value or equal-weighted returns (Table 1.5 or Table 1.7 ) 

or sort portfolios on illiquidity variation (Table 1.9). 

1.5.2 Economic Interpretation 

In order to get an estimate of the return premium associated to liquidity risk, I use the risk premium 

A=1.37 estimated in Row 5 of Table 1.5, which is significant at the M confidence confidence level. The annualized 

return difference that can be attributed to liquidity risk is: 

'ý ' [(0 ýr) - (ý3j 
q)] : 

1.2 = 1.06% p. a. 

The 95% confidence interval is (0.22%, 1.89%). The most important liquidity risk factor is /34, which 

captures the covariance between asset illiquidity and market returns and contributes with more than 80% 

of the estimated annualized return difference due to liquidity risk, for an actual contribution of 0.88°, ', a 

year. This value is similar to the one Acharya and Pedersen (2005) find using a similar sample of stock 

returns ending in December 1999. 

The premium due to covariance between illiquidity and the wealth ratio, is given by: 

\3liq, la, hý 
12 -0.1.1 

ýý p. a. 

This extra term alone generates a decrease in liquidity risk of almost 10% when compared to models 

that only include traded assets in agents' budget constraints. Furthermore, when we add the impact from 

the covariance between portfolio returns and entrepreneurial income, the difference in expected returns 

between the least and most liquid portfolios that is not due to illiquidity levels or stock market betas falls 

to 0.72% per year. This represents a decrease of almost 40% to the case where tune-varying liquidity, 

but not non-tradeable wealth, is considered. 

The effect from k, " [E ((, 2 5) -E (CL) j provides an estimate of how liquidity levels affect expected 

returns. This is by far the most relevant variable and amounts to an expected return difference of 6.15%. 
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In total, the overall effect of liquidity on asset returns is 7.21% per year, with 95% confidence interval 

[6.37, 'o, 8.04%]. 

In Figure 1.6,1 plot realized and fitted monthly returns of illiquidity-sorted portfolios. The upper 

panel shows returns estimated by the standard CAPM model, while the bottom panel has estimates for 

the liquidity-adjusted CAPM. We can observe that most of the failure of the standard CAPM lies on the 

less liquid portfolios, exactly because it does not take into account these portfolios' higher liquidity costs. 

For example, the return of most illiquid portfolio (labelled 25 in the graph) is greatly underestimated by 

the standard CAPMVI. However, as soon as liquidity is taken into account, the expected larger transaction 

costs enable the model to price portfolios much better than before. 

1.5.3 Robustness Checks 

On Table 1.7,1 also show results for equal-weighted portfolios sorted on illiquidity. These portfolios 

have characteristics, shown in Table 1.6, that are very close to value-weighted portfolios. The overall 

liquidity risk effect is close to the one found for VW portfolios and equals 0.89% per year. 

As further robustness checks, I also estimate the risk premium using sorts on illiquidity-variability 

and size portfolios. Table 1.8 and Table 1.9 have descriptive statistics and estimates for value-weighted 

size-sorted portfolios and Table 1.. 10 and Table l . 
11 do the same for size-sorted portf. olios. 9 

Estimates based on illiquidity-variability result in. the same conclusions as sorting on illiquidity 1ev- 

els and lead to similar premium estimates. Estimates using size-sorted portfolios are not statistically 

significant, although point-estimates are similar to those obtained for illiquidity sorts using the model 

specified in rows 4-5 or when I calibrate parameters for illiquidity levels (k). The expected liquidity risk 

effect on returns has the correct sign and equals 0.63' per year. 

The risk premix computed above is based on spreads computed from sorting stocks into 25 portfolios. 

This compares the top 4% with the bottom 4% of stocks, which might too aggressive. In Table 1.12 and 

Table 1.13 1 repeat the analysis on stocks over illiquidity deciles instead. The differences in illiquidity 

(and expected returns are lower than when I use 25 portfolios (the annualized illiquidity spread goes 

from 6.31%, p. a. to 4.68%, while the spread in returns goes from 9.94% p. a. to 9.300/ ), but the results 

"TThe results for equal-weighted portfolios are similar to value-weighted ones and can be obtained upon request. 
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remain the same. Using the parameters estimated in regression (5) in Table 1.13, the risk premium due 

to differences in liquidity levels is equal to 4.52%, p. a. (compared to 6.15% when using spreads based on 

25 port-Folios). The premium due to the liquidity labor income beta decreases from -0.1% p. a. to -0.06% 

p. a. Finally, the overall liquidity premium falls from 7.21% to 5.39%, mainly due to the smaller spread 

in liquidity levels. Thus, results are not being driven simply by an extreme sort of stocks. 

An important decision is the choice of labor income used to capture the impact on non-tradeable 

wealth on expected returns of traded assets. Although I use entrepreneurial income as Heaton and Lucas 

(2000), it is likely that broader measures of labor income also affect returns. In Table 1.14 1 repeat tests 

on deciles of illiquidity-sorted portfolios using two alternative measures previously used in the literature 

to compute the non-tradeable to tradeable wealth ratios. I follow Jagannathan and Wang (1996) and 

use the difference between total personal income and dividend income, which. encompasses not only 

entrepreneurial income but also gross wage compensation and net interest payments. I also compute 

labor income as Lustig and. Nieuwerburgh (2005), which take labor income as the sum of wage and 

salary disbursements, other labor income (Column 6 in NIPA Table 2.6), and proprietors' income with 

inventory valuation and capital consumption adjustments. This measure excludes taxes and is closer to a 

measure of disposable income. Furthermore, I also replace the non-tradeable to tradeable wealth ratios 

inside the betas derived in equation 1.18 directly with return measures. Thus, instead. of computing 

covariances of stock returns or stock illiquidities with the Lt ,1 ratio, 1 replace the non-tradeable to 

tradeable wealth ratio directly with the one-month change in labor income measures. 

In Panel A of Table 1.14 we can see that results of cross-sectional regressions are robust across 

labor income measures. The estimated factor premia Xnet are still significant, while the null hypothesis 

that o, =0 cannot be statistically rejected. Parameters are more stable for Labor Income returns than 

for Wealth ratios, which is also reflected on the return differences for each type of liquidity measure 

shown in the second part of' the table. In Panel B, decompose the return difference between the highest 

and lowest decile portfolios than can be attributed to each component of liquidity. The difference due to 

liquidity levels remains the most important component, similar to results found by Acharya and Pedersen 

(2005) and Korajczyk and Sadka (2007), ranging from 4.52% p. a. for proprietary income to 8.11% when 

using Jagannathan and Wang (1.996)'s measure. The importance of the labor income-liquidity risk beta is 
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even greater for the alternative measures. While for proprietary income it amounts to -6.9% of the total 

return differences implied by the Acharya and Pedersen (2005) liquidity betas, a much bigger effect is 

found for the two other alternative measures (closer to 70%), going fron -0.06% p. a, to about 1.1 % p. a. 

These estimates imply that the covariance between liquidity and non-tradeable wealth is more important 

than either the betas capturing the covariance of aggregate illiquidity with either stock returns or stock 

illiquidity derived in the Acharya and Pedersen (2005) model, but less important than the beta capturing 

the covariance between stock illiquidity and market returns. Also note that when the wealth ratio are 

based on Jagannathan and Wang (1996) or Lustig and Nieuwerburgh (2005)'s measures, the aggregate 

liquidity risk premia is close to zero. Overall, the results are even stronger when broader measures of 

labor income are used. 

I also test whether results are significant because illiquidity captures effects clue to size and/or book- 

to-market ratios. Therefore, I run additional tests including log(size) and B/M ratios as explanatory 

variables. Although for value-weighted illiquidity-sorted portfolios the estimated premium is still sig- 

nificant regardless of size or B/M effects, for other types ofreturn-weighting and sorting procedures 

parameters are not individually significant and don't have the correct signal. In Table 1.15,1 provide 

results of these robustness regressions for illiquidity-level sorts. 

1.6 Conclusion 

This paper proposes a new relationship between asset prices and non-tradeable wealth: the effect of 

the fluctuations between an asset's liquidity and the ratio of non-tradeable-to-tradeable wealth. In this 

economy, assets with higher liquidity or returns when non-tradeable wealth is lower have lower expected 

returns. I extend the model in. Acharya and Pedersen (2005) and show how returns are affected by the 

addition of a random endowment shock. 

Empirically, I calculate monthly returns and illiquidity of an equally-weighted market portfolio and 

yearly-formed portfolios sorted by illiquidity levels, illiquidity variation and size, using U. S. stock data 

from January 1.962 to December 2004. The extra terms due to entrepreneurial income reduces liquidity 

risk premium by almost 40%, having an impact of -0.45% per year on expected returns of value-weighted 
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illiquidity-sorted portfolios. Overall, liquidity risk as a whole has an yearly premium equal to 1.06%. 

However, liquidity levels are much more important and have a premium of 6.14% per year, contributing 

to most of the explanatory gains o('the model. 

The high level of collinearity between liquidity factors makes it difficult to pin-down the influence of 

each liquidity risk component and is a feature of the data that must be tackled by future work. Another 

question of interest is how to model labor market's illiquidity and its impact to on assets' expected 

returns. Given the economic significance of aggregate measures of liquidity to explain assets' expected 

returns differences [e. g., Brennan and Subrahmanyam (1.996), Huberman and Halka (2001), Pastor and 

Stambaugh (2003) and Fujimoto and Watanabe (2003)], construction of a measure of human capital 

liquidity and derivation of its theoretical impact on expected returns would also benefit the literature. This 

is in a direct analogy to the addition of human capital to the standard CAPM, like papers by Jagannathan 

and Wang (1996), Heaton and Lucas (2000) and Viceira (2001), resulting in better understanding about 

how expected returns are related to systematic changes in liquidity and human capital. 
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Figure 1.. 1: Market Portfolio Illiquidity Series 
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This figure show the illiquidity of the aggregate US stock market from October 1962 to December 2004. 
Illiquidity is based on the ILLIQ measure (Amihud (2002)) and normalized using the procedure outlined 
by Acharya and Pedersen (2005). Illiquidity shocks shown are the normalized residual after estimating 

an AR(2) model. 
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Figure 1 . 2: Proprietor's Income / Market Capitalization Series - Levels and First Differences 
Levels - Proprietor Income / Market Cap 
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This figure shows levels and first-differences of the ratio between proprietor's income and the previous 

year's stock market capitalization, from October 1962 to December 2004. Proprietor's income is de- 

fined as aggregate non-farm proprietors' income from Table 2.8 in the NIPA tables published by the US 

Department of Commerce. Stock market capitalization is the aggregate value of all NYSE and AMEX 

common stocks with prices between 5 and 1,000 dollars and at least 15 days of data in a given month. 
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This figure plots realized vs. fitted returns of illiquidity-sorted VW portfolios using monthly data from 

March 1964 to December 2004 for two different specifications. The upper graph has fitted returns using 

the standard CAPM. The lower graph uses fitted values from the liquidity-adjusted CAPM. Portfolios 

are numbered . 
1. (most liquid) to 25 (least liquid). 
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Table 1.1: Illiquidity Regression Results - Market Portfolio 
This table reports the estimated coefficients of the equal-weighted market portfolio illiquidity using an AR(2) 
process given by: 

0.28 + 0.3 I. L. LI Qt X1i 777 (to + al 
(0.28 

+ 0.3 * ILLIQ. 
-1 *A ý-ý1 

+cc > 
(0.28 

+ 0.3 * .1 
LL. I Q 

-2 *x 1) + zci, 

1 LLIQ is a normalized measure of liquidity calibrated to match effective spreads, while lt`11 i is the ratio of 
market capitalizations at the end of month t, -1 and July 1962. The regression uses monthly data between March 
1964-December 2004 for the equal-weighted market portfolio. AIC reports the Akaike Information Criterion and 
SIC reports the Schwarz Information Criterion. 

Coefficient Std. Error t-stat p-value 
0 0.096 0.0)7 2.594 0.010 
01 1.095 0.045 24.195 0.000 
a2 -0.130 0.045 -2.912 0.004 
1:? 0.942 A IC 0.681 

Adj. R2 0.942 SIC 0.707 

Table 1.2: Aggregate Illiquidity Measures, Returns and Proprietor's Income Correlations 
This table reports the correlations among aggregate market illiquidity measures and proprietor's income from 1964 
to 2004. Iiliq corresponds to Amihud's (2002) measure calibrated to match effective-spread's moments, Iiil qPS, 
are the liquidity innovations shown in Pastor and Stambaugh (2003), Illiq,. jp is the illiquidity measure innova- 

tions provided by Acharya and Pedersen (2000, rrAj are the equal-weight market returns. N 
>t`' corresponds to 

ratio between proprietor's income and stock market capitalization, lagged one period to match the date that this 
information becomes available to agents. 

Corr - Ill c Ill-ir > Illiq p r °L'+l Q (IVLt.; -I 
Illiq 1.000 -0.352 0.562 -0.431 0.377 0.450 

Illigps 1.000 -0.326 0.361 -0.350 -0.187 
1111, qAI P 1.000 -0.511 0.383 0.247 

r'1i 1.000 -0.796 -0.137 

ýS('ý%ý z) 
1.000 0.014 

1.000 
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Table 1.3: Beta Correlations - Sorted Portfolios (VW) 
This table reports the correlations among expected illiquidity (E(c, )), six estimated covariances 3l, :J, ; 3'1, ßj'4, 

li b, , ýi ýýý .,, and the combined betas ý1 CI and ! Il. j, 1 for 25 portfolios sorted yearly from January 1964 to Decein- , 
lo 

2004. The illiquidity innovations used to compute betas are based on an AR(2) process. Panel A is based on 
sorting stocks according to illiquidity levels, Panel B on the standard. deviation of the illiquidity innovati and Panel 
C on sorts based on market capitalization. 

Panel A: Illiquidity Levels 
Cov(I, ) E(Ct) 3m. kt j2 33 X34 IýIiq, labor /labor 'J f 01 iq 

E((-. t) 1.000 0.468 0.988 -0.560 -0.951 0.978 -0.713 0.398 0.906 
1.000 0,530 -0.948 -0.605 0.522 -0.872 0.975 0.724 

1.000 -0.623 -0.974 0.996 -0.778 0.451. 0.947 
ý3 1.000 0.690 -0.618 0.943 -0.938 -0.808 

, 
34 1.. 000 -0.959 0.837 -0.508 -0.980 

ßjliq, lab 1.000 -0.771 0.449 0.939 
3labor 1.000 -0.824 -0.916 
fir,, t 1.000 0.645 

1.000 

Panel B: Illiquidity Variation 
Cov(. [, E(cf /0mkt /33 

,? 3 ý4 tliq, labor labor '0nct Jliq 

E(cj) 1.000 0.481 0.984 -0.564 -0.954 0.993 -0.700 0.397 0.892 
Omkt 1.000 0.545 -0.947 -0.609 0.524 -0.871 0.980 0,735 

"3z 1.000 -0.635 -0.981 0.995 -0,779 0.445 0.937 

J33 1.000 0.678 -0.611 0.941 -0.922 -0.793 
3,1 1.000 -0.969 0.824 -0.514 -0.978 

//ýý, lab 1.000 -0.750 0.430 0.918 

, 3labor 1.000 -0.811 -0.905 
`3net 1.000 0.652 
3110 1.000 

Panel C: Size 
Cov(J,, 9) E(ct) ijmlct 32 3: i , j4 jlzq; tnbor labor jn. c: t, 

jliq 

E((,, ) 1.000 0.298 0.967 -0.409 -0.945 0.980 -0.746 0.381 0.898 

ý, r 1.0OO 0.425 -0.978 -0.457 0.389 -0.823 0.992 0.596 

J2 1.000 -0.540 -0.991 0.994 -0.842 0.514 0.971 

;. ý 1.000 0.564 -0.501 0.897 -0.989 -0.695 
jý 1.000 -0,983 0.859 -0.546 -0.985 

lab '11 q 
1.000 -0.821 0.475 0.954 

, ý3 1.000 -0.875 -0.930 lýzbýý, 
jr1f r 

1.000 0.678 

r'lio 1.000 

44 



Chapter 1: Liquidity Risk and Entrepreneurial Income 

Table 1.4: Descriptive Statistics - Illiquidity Portfolios - Value-Weighted 
This table reports the properties of odd-numbered illiquidity-sorted portfolios formed yearly during 1964-2004 

using VW weights. The six estimated covarianccs (x 100) : 3ýr, k, t' 2', 133, 
(1 

ä, 11iiq: cub, , 
3iaour are computed via 

GMM estimation using using all monthly illiquidity shocks and returns of a portfolio and an equal-weighted 
market portfolio. T-statistics for each coefficient are shown in brackets. Illiquidity shocks are calculated using 
an. AR(2) process, while unexpected market returns use an AR(l) specification. Average excess returns appear in 

column E(ret). I also report standard deviations of returns ((. r(ret)), average illiquidity (E(c)), standard deviation 

of illiquidity ((r(c)), size in billions of dollars (Size), average percentage turnover (Trv) and book-to-market ratios 
(B/M) for each portfolio. 

3,1zk!, s % 34 ý1'ig. i«t, l3lat>, E(ret) a(ret E(c) Q(e) Size Try B/M 
1 52.89 0.00 -1.37 -0.01 0.00 0.14 0.39 4.22 0.28 0.00 38.72 189 0.56 

(14.47) (2.00) (-5.29) (-2.17) (1.42) (. 28) 
3 65.81 0.00 -1.65 -0.03 0.00 -0.01 0.49 4.63 0.29 0.01 4.11 5.35 0.82 

(17.89) (3.42) (-5.84) (-5.1.7) (3.14) (-0.02) 
5 73.25 0.00 -1.92 -0.07 0.00 -0.26 0.59 4.96 0.31 0.02 2.13 5.66 0.79 

(20.87) (3.19) (-5.81) (-5.23) (2.74) (-0.40) 
7 77.05 0.01 -1.97 -0.12 0.01 -0.34 0.57 5.12 0.33 0.04 1.31 5.56 0.79 

(20.19) (4.42) (-5.32) (-5.42) (3.56) (-0.52) 
9 78.48 0.01 -2.03 -0.23 0.01 -0.59 0.72 5.14 0.36 0.07 0.91 5.21 0.81 

(29.13) (3.47) (-5.92) (-4.48) (3.22) (-0.94) 
11 83.77 0.01 -2.19 -0.43 0.02 -0.80 0.75 5.42 0.41 0.11 0.68 5.08 0.83 

(26.84) (3.60) (-5.34) (-4.42) (3.54) (-1.17) 
13 81.38 0.02 -2.28 -0.50 0.03 -0.83 0.77 5.27 0.48 0.14 0.52 4.55 0.83 

(22.79) (3.48) (-5.81) (-4.70) (3.09) (-1.34) 
15 85.49 0.04 -2.53 -0.81 0.04 -0.88 0.85 5.50 0.61 0.21 0.37 4.34 0.88 

(26.00) (4.54) (-6.39) (-5.52) (2.45) (-1.25) 
17 83.69 0.06 -2.47 -1.19 0.07 -1.44 0.86 5.38 0.80 0.31 0.31 3.87 0.97 

(24.84) (4.47) (-5.31) (-6.06) (3.30) (-1.98) 
19 85.21 0.12 -2.39 -1.64 0.16 -1.26 0.87 5.51 1.16 0.49 0.23 3.57 0.95 

(23.60) (5.15) (-5.27) (-4.56) (4.40) (-1.74) 
21. 87.88 0.1.7 -2.70 -2.59 0.26 -1.70 0.90 5.81 1.79 0.78 0.20 3.39 0.98 

(25.45) (4.43) (-5.63) (-5.52) (4.38) (-2.31) 
23 85.30 0.27 -2.56 -4.01 0.34 -1.85 1.11 5.76 3.13 1.53 0.12 3.07 1.12 

(18.49) (4.82) (-5.90) (-6.20) (4.54) (-2.26) 
25 86.80 0.50 -2.61 -5.34 0.67 -1.90 1.31 6.15 6.60 3.66 0.07 3.36 1.18 

(17.32) (5.03) (-5.64) (-4.98) (6.54) (-2.17) 
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Table 1.5: Regression Results - Illiquidity Portfolios - Value-Weighted 
This table reports coefficients from the illiquidity and labor returns-adjusted CAPM using data from March 1964- 
December 2004 using 25 value-weighted illiquidity-sorted portfolios. The estimates are based on a GMM frame- 
work setting where regressions are alternative cases of the relation: 

E 
t. + kE (ct) + A,,, 

,t-,, k; t 
+ Aliq j], 

iq + A/.. 
rchorIJIabo. r 

+ Nf: l N et, where 

li. q = 012 03 
4 liq]lab 

Net - ý3rrýkt +PJ,! 3 -P4- 
31iq, 

lrw + lrvor 

The coefficient A, adjusts for the difference between the estimation period and the typical holding period of in- 
vestors. Coefficients are followed by t-statistics adjusted for serial correlation using 5 lags (Newey and West 
(1987)). The adjusted R2 reported in each row is computed from a single cross-sectional regression using average 
portfolio returns. The factors are estimated with 25 portfolios times 490 months = 12,250 observations. 

ü: k Ani k1 Aliq 
l\Iabor 

\nel, Adj. ß'y 

1 -0.927 2.136 0.468 
(-2.110) (3.182) 

2 0.368 0.148 -31.732 0.820 
(1.118) (0.290) (-3.035) 

3 -0.244 0.929 7.255 0.943 
(-0.706) (1.626) (1.286) 

4 -0.674 0.044 1.700 0.834 
(-1.561) (2.666) 

5 -0.451. 0.081 1.376 0.948 
(-1.. 21.1) (3.703) (2.487) 

6 -0.437 0.044 1.253 6.323 0.834 
(-1.177) (2.327) (2.060) 

7 -0.437 0.043 1.250 6.522 0.943 
(-1.180) (0.876) (2.249) (0.987) 

8 -0.263 0.044 1.010 5.199 -0.1.70 0.915 
(-0.773) (1.935) (1.871) (-0.017) 

9 -0.261 0.040 0.996 5.760 0.280 0.948 
(-0.762) (0.794) (1.776) (0.910) (0.026) 
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Table 1.6: Descriptive Statistics -1. lliquidity Portfolios - Equal-Weighted 
This table reports the properties of odd-numbered illiquidity-sorted portfolios formed yearly during 1964-2004 

7' 3 3; 
' 4 ! ý2., (3i jý using EW weights. The six estimated covariances (x 100) ý b<rr are computed via kf, ?, liq, lab, 3 lrl 

GMM estimation using using all monthly illiquidity shocks and returns of a portfolio and an equal-weighted 
market portfolio. T -statistics for each coefficient are shown in brackets. Illiquidity shocks are calculated using 
an AR(2) process, while unexpected market returns use an AR(1) specification. Average excess returns appear in 

column E(ret). I also report standard deviations of returns (a(ret. )), average illiquidity (E(c)), standard deviation 

of illiquidity (a(c)), size in billions of dollars (Size), average percentage turnover (Trv) and book-to-market ratios 
(B/M) for each portfolio. 

i 
rnkt 132 ' 3'i 3 i ýý,. rý ß51)n,, E(ret) a(res) E(c) a(c) Size Try BIM 

1 62.63 0.00 -1.53 -0.01 0.00 0.05 0.41 4.63 0.28 0.00 20.63 5.40 0.62 
(15.61) (-0.35) (-5.36) (-1.59) (. 28) (. 09) 

3 72.76 0.00 -1.76 -0.04 0.00 -0.19 0.52 4.94 0.29 0.01 3.36 6.45 0.86 
(19.72) (3.57) (-5.65) (-5.61) (3.24) (-0.30) 

5 81.02 0.00 -2.09 -0.10 0.00 -0.46 0.60 5.32 0.31 0.02 1.70 7.03 0.84 
(23.05) (2.65) (-5.86) (-4.69) (2.62) (-0.69) 

7 86.66 0.01 -2.19 -0.18 0.01 -0.57 0.52 5.60 0.34 0.04 1.00 7.00 0.86 
(22.71) (3.39) (-5.42) (-4.33) (3.19) (-0.84) 

9 86.11 0.01 -2.20 -0.25 0.01 -0.69 0.73 5.51 0.37 0.07 0.66 6.57 0.89 
(29.23) (3.76) (-6.09) (-4.98) (3.25) (-1.04) 

11 92.71 0.02 -2.37 -0.55 0.03 -0.95 0.75 5.87 0.43 0.11 0.47 6.32 0.91 
(29.66) (2.72) (-5.52) (-4.54) (2.82) (-1.31) 

13 91.68 0.03 -2.49 -0.67 0.04 -1.10 0.78 5.78 0.53 0.14 0.34 5.76 0.91 
(24.31) (3.68) (-5.87) (-5.30) (3.08) (-1,68) 

15 94.42 0.05 -2.70 -1.04 0.05 -1.08 0.77 5.97 0.68 0.21 0.24 5.60 0.93 

(29.14) (4.00) (-6.01) (-5.37) (2.00) (-1.46) 
17 90.58 0.07 -2.62 -1.55 0.09 -1.60 0.81 5.74 0.92 0.31 0.18 4.87 1.05 

(24.51) (3.89) (-5.56) (-5.17) (3.28) (-2.11) 
19 91.32 0.12 -2.56 -2.18 0.16 -1.38 0.80 5.82 1.34 0.49 0.13 4.44 1.03 

(26.95) (4.44) (-5.72) (-4.94) (4.05) (-1.83) 
21 92.08 0.19 -2.76 -3.31 0.27 -1.77 0.95 5.92 2.05 0.78 0.08 4.12 1.06 

(27.22) (3.80) (-5.58) (-5.73) (4.17) (-2.28) 
23 87.09 0.29 -2.54 -4.40 0.39 -2.12 1.13 5.77 3.55 1.53 0.05 3.45 1.20 

(17.60) (3.99) (-5.79) (-5.57) (4.55) (-2.62) 
25 90.46 0.48 -2.61 -6.16 0.72 -2.01 1.40 6.18 7.83 3.66 0.03 3.64 1.40 

(15.16) (4.49) (-5.58) (-5.63) (6.17) (-2.17) 
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Table 1.7: Regression Results - Illiquidity Portfolios - Equal-Weighted 
This table reports coefficients from the illiquidity and labor returns-adjusted CAPM using data from March 1964- 
December 2004 using 25 equal-weighted illiquidity-sorted portfolios. The estimates are based on a GMM frame- 
work setting where regressions are alternative cases of the relation: 

E (r "' r= ca }.. - k (( { . 1, ;. 3` ý_. ',.. where tf1t, rý] t, rrik l lz9 diq ]riýýrýr, labor rt 

utý - ý, :3 j4 ý. _. ;T Izq, lav 
i 

The coefficient A° adjusts for the difference between the estimation period and the typical holding period of in- 

vestors. Coefficients are followed by t-statistics adjusted for serial correlation using 5 lags (Newey and West 
(1987)). The adjusted 142 reported in each row is computed from a single cross-sectional regression using average 
portfolio returns. The factors are estimated with 25 portfolios times 490 months = 12,250 observations. 

k 
rnk t 

'liq Alrcbor 'net Adj. R2 

l -0.693 1.692 0.303 
(-1.448) (2.489) 

2 0.892 -0.600 -37.908 0.782 
(2.664) (-1.240) (-3.795) 

3 -0.254 0.746 13.589 0.911 
(-0.619) (1.375) (4.177) 

4 -0.561 0.055 1.410 0.616 
(-1.123) (2.083) 

5 -0.307 0.097 1.065 0.930 
(4721) (4.567) (1.825) 

6 -0.266 0.055 0.894 6.831. 0.616 
(-0.647) (1.648) (2.100) 

7 -0.267 0.059 0.906 6.303 0.911 

(-0.650) (2.005) (1.684) (1.238) 
8 0.015 0.055 0.542 4.490 -4.035 0.853 

(0.041) (1.044) (1.623) (-0.457) 
9 0.025 0.064 0.552 3.254 -5.622 0.935 

(0.066) (2.197) (1.061) (0.717) (-0.596) 
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Table 1.8: Descriptive Statistics - Illiquidity Variability Portfolios - Value-Weighted 
This table reports the properties of odd-numbered illiquidity variability-sorted portfolios formed yearly during 
1964-2004 using EW weights. The six estimated covariances (x 100) 1`nk/, f-)25 131 lei, I`ýiiy, iav, are com- 
puted via GMM estimation using all monthly illiquidity shocks and returns of a portfolio and an equal-weighted 
market portfolio. T -statistics for each coefficient are shown in brackets. Illiquidity shocks are calculated using 
an AR. (2) process, while unexpected market returns use an AR(l) specification. Average excess returns appear in 

column E(ret). I also report standard deviations of returns (a(cct)), average illiquidity (E(c)), standard deviation 

of illiquidity (cr(c)), size in billions of dollars (Size), average percentage turnover (Trv) and book-to-niarket ratios 
('BIM) for each portfolio. 

31. 
I,. i; r. ij 

13> 3'> ý'3 ýýt, o 
E(ret) o(rcI) E(c) a(c) Size Try 13/m 

1 53.15 0.00 -1.38 -0.01 0.00 0.14 0.40 4.24 0.28 0.00 38.65 3.89 0.56 
(14.46) (2.06) (-5.33) (-2.17) (1.44) (. 28) 

3 66.97 0.00 -1.64 -0.03 0.00 -0.11 0.50 4.66 0.29 0.01 4.42 5.43 0.83 
(19.75) (3.57) (-5.31) (-5.56) (3.48) (-0.20) 

5 71.79 0.00 -1.89 -0.07 0.00 -0.21 0.57 4.92 0.30 0.02 2.18 5.65 0.78 

(20.40) (3.48) (-5.99) (-5.71) (3.09) (-0.33) 
7 77.69 0.00 -2.01 -0.12 0.01 -0.36 0.55 5.19 0.33 0.03 1.29 5.59 0.80 

(22.31) (4.61) (-5.43) (-4.92) (3.97) (-0.54) 
9 78.73 0.01 -2.08 -0.20 0.01 -0.78 0.68 5.16 0.36 0.06 0.91 5.22 0.79 

(28.11) (3.90) (-5.59) (-5.66) (2.83) (-1.26) 
11 79.92 0.01 -2.17 -0.36 0.03 -0.62 0.71 5.24 0.41 0.09 0.71 5.16 0.82 

(24.36) (4.35) (-5.60) (-5.32) (3.72) (-1.00) 
13 82.38 0.02 -2.24 -0.48 0.03 -0.77 0.69 5.34 0.48 0.14 0.56 4.61 0.83 

(24.41) (4.67) (-5.65) (-5.05) (2.28) (-1.20) 
15 83.11 0.03 -2.48 -0.60 0.04 -0.90 0.85 5.35 0.59 0.17 0.42 4.37 0.83 

(28.32) (5.13) (-5.90) (-5.65) (3.56) (-1.22) 
17 85.68 0.07 -2.55 -1.13 0.08 -1.32 0.85 5.49 0.78 0.29 0.30 4.03 0.91 

(26.80) (4.85) (-5.63) (-6.30) (4.22) (-1.83) 
19 87.94 0.09 -2.55 -1.75 0.12 -1.30 0.90 5.67 1.13 0.48 0.25 3.68 0,97 

(27.18) (4.38) (-5.65) (-4.70) (4.01) (-1.81) 
21, 88.89 0.13 -2.44 -2.56 0.16 -1.43 0.90 5.80 1.80 0.83 0.21 3.50 1.01 

(26.91) (4.30) (-4.94) (-5.75) (3.80) (-1.92) 
23 84.96 0.27 -2.71 -3.88 0.33 -2.11 1.14 5.82 3.12 1.49 0.14 3.15 1.08 

(19.07) (4,86) (-6,58) (-6.35) (4.61) (-2.68) 
25 86.79 0.42 -2.70 -4,82 0.60 -1.79 1.30 6.17 5.88 3.40 0.10 3.77 1.12 

(17.15) (4.80) (-5.67) (-5.13) (6.23) (-2.06) 
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Table 1.9: Regression Results - Illiquidity Variability Portfolios - Value-Weighted 
This table reports coefficients from the illiquidity and labor returns-adjusted CAPM using data from March 1964- 
December 2004 using 25 value-weighted illiquidity variability-sorted portfolios. The estimates are based on a 
G v1M framework setting where regressions are alternative cases of the relation: 

V] fi T 
,fo+ 

kE ýCi) ++ \liq-31, 
iq + A]. 

ahor1(3ll. abar 
+ Ar\ret where 

I7q _ ý3 3 
...... ,3 ßrz 

, jav 4 

Vet 
f 

mkt 34 liq lctb labor 

The coefficient k adjusts for the difference between the estimation period and the typical holding period of in- 

vestors. Coefficients are followed by t-statistics adjusted for serial correlation using 5 lags (Newey and West 
(1987)). The adjusted R' reported in each row is computed frone a single cross-sectional regression using average 
portfolio returns. The factors are estimated with 25 portfolios times 490 months = 12,250 observations. 

CY kX 
roki 

Al. iq 
Alabot, Ar? 

ct 
Adj. I 

1 -0.893 2.097 0.565 
(-2.023) (3.119) 

2 0.479 -0.009 -33.083 0.756 
(1.356) (-0.017) (-3.722) 

3 -0.353 0.955 14.671. 0.940 
(-0.891) (1.641) (4.589) 

4 -0.673 0.045 1.703 0.739 
(-1.562) (2.679) 

5 -0.333 0.105 . 
1.207 0.939 

(-0.837) (4.444) (2.052) 
6 -0.327 0.045 1.031 9.223 0.739 

(-0.826) (1.770) (2.885) 
7 -0.335 0.031 1.006 10.982 0.940 

(-0.840) (0.464) (1.696) (1.240) 
8 -0.171 0.045 0.812 8.229 3.581 0.903 

(-0.486) (1.586) (2.576) (0.383) 
9 -0.174 0.028 0.774 10.244 5.397 0.940 

(-0.496) (0.417) (1.390) (1.208) (0.523) 
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Table 1.1.0: Descriptive Statistics - Size Portfolios - Value-Weighted 
This table reports the properties of odd-numbered size-sorted portfolios formed yearly during 1964-2004 using 
VW weights. The six estimated covariances (x 100) 3r, 

lýr> 
32, gis, J- 

, ýjiL 
, eý,. bl `-'/aha, are computed via GMM 

estimation using using all monthly illiquidity shocks and returns of a portfolio and an equal-weighted market 
portfolio. `17-statistics for each coefficient are shown in brackets. Illiquidity shocks are calculated using an AR(2) 
process, while unexpected market returns use an AR(I) specification. Average excess percentage returns appear in 

column E(ret). I also report standard deviations of returns ((T(ret)), average illiquidity (E(c)), standard deviation 

of illiquidity ((r(c)), size in billions of dollars (Size), average percentage turnover (Trv) and book-to-market ratios 
(B/M) for each portfolio. 

i3,,,, kt i3", ; 3; ý (. 34 rj E(ret) Ir(ret) E(c) Q(c) Size Try B/M F l, ir , 
IaL labor 

1 85.13 0.41 -2.46 -5.89 0.62 -2.07 1.33 5.93 7.10 4.10 0.01 4.02 1.44 
(13.48) (4.06) (-6.22) (-5.20) (4.94) (-2.43) 

3 93.37 0.33 -2.75 -5.78 0.48 -2.30 0.90 6.17 3.84 1.95 0.03 4.13 1.19 
(23.71) (3.62) (-5.60) (-5.09) (5.22) (-2.83) 

5 100.50 0.22 -2.97 -3.47 0.23 -1.84 0.92 6.46 2.29 1.10 0.06 4.97 1.16 
(21.44) (4.50) (-6.28) (-6.00) (3.39) (-2.03) 

7 96.62 0.13 -2.68 -2.20 0.15 -1.59 0.96 6.15 1.50 0.65 0.09 5.19 1.08 
(27.05) (5.47) (-5.53) (-6.73) (3.18) (-1.89) 

9 94.99 0.09 -2.77 -1.27 0.10 -1.57 0.88 6.04 0.99 0.41 0.14 5.85 0.97 
(25.60) (4.62) (-5.80) (-5.28) (3.94) (-2.05) 

11 95.48 0.06 -2.62 -1.07 0.08 -1.26 0.80 6.04 0.75 0.28 0.20 5.94 0.98 
(26.68) (5.09) (-5.90) (-5.76) (3.68) (-1.59) 

13 92.79 0.04 -2.56 -0.68 0.06 -1.09 0.80 5.85 0.58 0.22 0.29 6.24 0.88 
(25.83) (4.34) (-5.88) (-3.94) (4.28) (-1.50) 

15 88.11 0.03 -2.37 -0.42 0.04 -0.80 0.79 5.65 0.48 0.13 0.41 6.16 0.85 

(24.55) (5.27) (-5.97) (-4.79) (4.49) (-1.14) 
17 84.16 0.02 -2.27 -0.29 0.03 -0.72 0.73 5.39 0.42 0.10 0.60 6.22 0.84 

(30.04) (5.40) (-5.87) (-4.93) (3.66) (-1.07) 
19 80.42 0.01 -2.17 -0.17 0.01 -0.63 0.70 5.22 0.36 0.06 0.92 6.19 0.80 

(27.81) (5.22) (-5.84) (-5.41) (4.17) (-0.94) 
21 78.43 0.00 -1.95 -0.11 0.01 -0.35 0.63 5.14 0.32 0.03 1.56 6.10 0.81 

(24.61) (4.32) (-5.82) (-4.45) (3.51) (-0.57) 
23 68.05 0.00 -1.77 -0.04 0.00 -0.25 0.54 4.69 0.30 0.02 3.07 5.41 0.80 

(20.01) (3.27) (-6.14) (-4.28) (3.23) (-0.45) 
25 52.49 0.00 -1.39 0.00 0.00 0.18 0.40 4.22 0.28 0.00 36.02 3.65 0.56 

(14.07) (4.30) (-5.39) (-6.27) (3.48) (. 36) 
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Table 1.. 1 1: Regression Results - Size Portfolios - Value-Weighted 
This table reports coefficients from the illiquidity and labor returns-adjusted CAPM using data from March 1964- 
December 2004 using 25 value-weighted size-sorted portfolios. The estimates are based on a GMM framework 
setting where regressions are alternative cases of the relation: 

E 
lit. 

+ ýi; ((tý Xrrý. kt i37rtk; t, + ýýlirý/3' q+ 
Alahotßlabor + ANet! 5Xet, where Ii 

3 134 31, 
q. 1ab 

e1 - ý37nkt +ß -ßj3 - ýj 
liq, lrzb + labor 

The coefficient k adjusts for the difference between the estimation period and the typical holding period of in- 

vestors. Coefficients are followed by t-statistics adjusted for serial correlation using 5 lags (Newey and West 
(1987)). The adjusted R2 reported in each row is computed from a single cross-sectional regression using average 
portfolio returns. The factors are estimated with 25 portfolios times 490 months = 12,250 observations. 

A k 
'\rnkt 

Aliq Al, bür A 
,, t Adj. R 

1 -0.199 1.135 0.482 
(-0.543) (1.979) 

2 0.606 -0.133 -26.540 0.783 
(2.283) (-0.313) (-2.680) 

3 -0.030 0.694 7.579 0.767 
(-0.094) (1.463) (2.590) 

4 -0.058 0.055 0.858 0.736 
(-0.156) (1.538) 

5 -0.008 0.070 0.779 0.954 
(-0.024) (3.205) (1.559) 

6 -0.043 0.055 0.826 1.322 0.736 

(-0.133) (1.741) (0.452) 
7 -0.065 0.151 1.058 -9.715 0.767 

(-0.201) (5.366) (2.166) (-2.629) 
8 0.289 0.055 0.392 -2.486 -16.217 0.734 

(0.839) (0.804) (-0.803) (-1.3.1.9) 
9 -0.023 0.149 1.000 -10.043 -11.794 0.952 

(-0.064) (5.240) (1.957) (-2.637) (-0.966) 
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Table 1.12: Descriptive Statistics - Illiquidity Decile Portfolios - Value-Weighted 
This table reports the properties of illiquidity-sorted decile portfolios formed yearly during 1964-2004 using VWV 

weights. The six estimated covariances (x 100) : 3' ý3 1 `S' 3i ßI' are computed via GMM estimation A, t>1 2 
'1 

lýy. lubý lobc»' 

using using all monthly illiquidity shocks and returns of a portfolio and an equal-weighted market portfolio. T- 

statistics for each coefficient are shown in brackets. Illiquidity shocks are calculated using an AR. (2) process, 
while unexpected market returns use an AR(1) specification. Average excess returns appear in column E(ret). 
I also report standard deviations of returns (rrýý et)), average illiquidity (E(c)), standard deviation of illiquidity 

((r(c)), size in billions of dollars (Size), average percentage turnover (Trv) and book-to-market ratios (B/M) for 

each portfolio. 
t r a 

3 
t 34 it i ý. 

I3r, ýý. r, >.. 
1: (ret) cr vet) E(c) rY c. ) Size Trv B/M 

1 55.51 0.00 0.12 -0.01 0.00 0.13 0.39 4.23 0.28 0. ()(1 30.17 4.28 0.61 
(18.67) (1.32) (0.24) (-5.85) (2.86) (0.31) 

3 72.67 0.01 0.10 -0.11 0.01 -0.35 0.58 4.75 0.32 0.03 1.44 5.48 0.78 
(30.73) (2.83) (0.18) (-5.91) (3.33) (-0.71) 

5 79.13 0.03 -0.05 -0.42 0.03 -0.74 0.68 5.02 0.44 0.12 0.61 4.88 0.83 
(35.44) (3.12) (-0.08) (-5.93) (3.94) (-1.40) 

7 81.05 0.11 -0.33 -1,11 0.08 -1.34 0.79 5.08 0.79 0.29 0.30 4.06 0.94 
(37,11) (4.32) (-0.58) (-7.64) (4.75) (-2.44) 

10 80.02 0.95 0.10 -4.98 0.41 -1.79 1.17 5.43 4.97 2.52 0.14 3.14 1.13 
(21.04) (4.68) (0.17) (-5.91) (5.07) (-2.86) 
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Table 1.13: Regression Results - Illiquidity I)ecile Portfolios - Value-Weighted 
This table reports coefficients from the illiquidity and labor returns-adjusted CAPM using data from March 1964- 
December 2004 using 10 value-weighted illiquidity-sorted portfolios. The estimates are based on a GMM frame- 
work setting where regressions are alternative cases of the relation: 

L? ýr 
f r, fý = -.. ý kL, (ct) 

.. _ý.... MAI mzý1 .... E.. - , ýltq; 31,1. .... I. Al«6o0jccbor . ý. _. Ayr/ Nct, where 

+ i. iiI3 
_ý'e. t 2 "T, 3 - ýýý1 - i'icj, iab + labor 

The coefficient k adjusts for the difference between the estimation period and the typical holding period of in- 
vestors. Coefficients are followed by t-statistics adjusted for serial correlation using 5 lags (Newey and West 
(1987)). The adjusted P,. 2 reported in each row is computed from a single cross-sectional regression using average 
portfolio returns. The factors are estimated with 10 portfolios times 490 months = 4,900 observations. 

C}: k Xrrzkt A Iiq /\labrr 
Ane. t Adj. 1? 

1. -0.745 1.929 0.561 
(-1.668) (2.760) 

2 0.558 -0.170 -32.913 0.876 
(1.417) (-0.277) (-2.994) 

3 -0.371 1.370 10,091 0.97] 
(-0.954) (2.250) (3.338) 

4 -0.567 0.044 1.616 0.855 
(-1.278) (2.353) 

5 -0.374 0.080 1.308 0.979 
(-0.952) (3.233) (2.148) 

6 -0.373 0.044 1.336 5.318 0.855 
(-0.957) (2.1.94) (1.759) 

7 -0.374 0.079 1.309 1.489 0.971 
(-0.959) (0.902) (2.112) (0.145) 

8 -0.322 0.044 1.253 4.906 3.242 0.958 
(-0.654) (1.569) (1.405) (0.216) 

9 -0.249 0.087 1.097 -0.437 -4.543 0.975 

(-0.536) (1.072) (1.463) (-0.048) (-0.311) 
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Table 1.14: Alternative Labor Income Proxies - Cross-sectional regressions and Annual Risk Premia 
This table reports coefficients from the illiquidity and labor returns-adjusted CAPM using alternative definitions 
of labor income. Returns of 25 value-weighted portfolios sorted on illiquidity are computed from March 1964 
to December 2004. The estimates are based on a GMM 'framework setting where regressions have the following 
specification: 

F (r' -r j-) -a+ kE (ct) +I ; vf>t: No 
where ý3 Arf, t - rrtkC 

+ !ý- ! ý3 
- "34 ýligjab + I3lnhcrr 

Three alternative labor income measures are used: Prop. denotes entrepreneurial income (Heaton and Lucas 
(2000)), JW uses aggregate labor income used by Jagannathan and Wang (1996) and Lustig uses using disposable 
labor income as used by Lustig and Nieuwerburgh (2005). In Panel A. I report parameters estimated using either the 
non-tradeable to tradeable wealth ratio or labor income returns. Coefficients are followed by t-statistics adjusted 
for serial correlation using 5 lags (Newey and West (1.987)). In Panel B we report the liquidity premia for the 
alternative measures of labor income. denotes the difference between the highest and the lowest portfolio 
sorted on illiquidity. Liquidity levels is the difference in the calibrated transaction costs, Liquidity Betas denote 

the three liquidity betas 3z, '3 and Ä3 proposed by A. charya and Pedersen (2005) and Labor-Liq represents the 
labor income - liquidity beta, Ji; q, iab shown in Equation 1.18. Values with "T" are significant at the 1% level. 

Panel. A- Cross-sectional Regressions 

Parameters Prop. 
Wealth Ratios 

JW Lustig 
Labor Income returns 

Prop. JW Lustig 

cv -0.374 -0.846 -0.808 -0.320 -0.332 -0.336 
t(cý: ) (-0.952) (-1.424) (-1.409) (-0.863) (-0.881) (-0.890) 
h 0.080 0.144 0.135 0.077 0.076 0.076 
t(ý) (3.233) (3.410) (3.453) (3.147) (3.124) (3.126) 
A 1.308 2.046 2.003 1.170 1.191) 1.200 

t. (AYt(t (2.140) (2.146) (2.153) (2.152) (2.147) (2.149) 

Panel B- Annualized Liquidity Premia 
Wealth Ratios Labor Income returns 

Prop. JW Lustig Prop. . 1W Lustig 

ý(I1liquidity Levels) (`% p. a. ) 4.68* 4.68* 4.68* 4.68* 4.68* 4.68' 

(i) Liquidity Level Premium (% p. a. ) 4.52 8.11 7.57 4.33 4.29 4.29 

. \(L.. iquidity Betas)*100 5.95* 6.01* 6.05* 5.91* 5.95* 5.93* 
(ii) Total Liquidity Risk (% p. a. ) 0.93 1.48 1.46 0.83 0.85 0.85 

A(Labor-LigBetas)*100 0.41* 4.70* 4.41* 0.97* 0.93* 0.85* 
(iii) Labor-Liq Risk (% p. a. ) -0.06 -1.15 -1.06 -0.14 -0.13 -0.12 

(i) + (ii) + (iii) Total Liquidity Premium (% p. a. ) 5.39 8.44 7.97 5.02 5.01 5.02 

(iii)-, (ii) I. _abor-I.. 
iq Fraction -6.88% -78.080, ßö -72.93% -16.450., E -15.5$°/o -14.370. %%% 
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Table 1.15: Robustness Checks - Impact of size and B/M ratios 
This table reports coefficients from the illiquidity and labor returns-adjusted CAPM using data from March 1964- 
December 2004 using 25 value-weighted illiquidity-sorted portfolios and including size and B/M as controls. The 

estimates are based on a GMM framework setting where regressions are alternative cases of the relation: 

7t 7- a %4'. F C't +1 
-mk; tý3r .ýß where r+ r ,, kt + Ali. 

l" ril labor- labor + 
, 'b'et - 'e 

h. 
1g -23 k" '.. liq. lab 

3r? t, + 'j2 - f13 -1f4-t iliq: 
lab + ý3i ti ýýakt, / labor 

The coefficient k adjusts for the difference between the estimation period and the typical holding period of in- 

vestors. Coefficients are followed by t-statistics adjusted for serial correlation using 5 lags (Newey and West 
(1987)). The adjusted P2 reported in each row is computed from a single cross-sectional regression using average 
portfolio returns. The factors are estimated with 25 portfolios times 490 months = 12,250 

Illiquidity Portfolios - Value Weighted 

a: k Ali(,,, ln(size) B/M Adj. R' 
1 0.368 0.044 0.760 -0.065 0.842 

(0.436) (1.038) (-0963) 
2 -0.385 0.081 1.319 -0.004 0.767 

(-0.434) (3.557) (1.660) (-0.064) 
3 -1.1.54 0.044 1.291 0.036 0.752 0.902 

(-1.053) (1.647) (0.473) (1.879) 
4 -0.953 0.064 1.378 0.028 0.455 0.898 

(-0.899) (2.586) (1.714) (0.377) (1.271) 

Illiquidity Portfolios - Equal Weighted 

ýý- k Arta ln(size) B/M Adj. l 

1 1.477 0.055 -0.427 -0.1.09 0.882 

(2.127) (-0.680) (-2.083) 
2 1.327 0.060 -0.305 -0.099 0,898 

(1.775) (3.034) (-0.473) (-1.696) 
3 1.253 0.055 -0.323 -0.095 0.086 0.876 

(1.070) (-0.435) (-1.206) (0.233) 

4 1.278 0.059 -0.291 -0.096 0.028 0.915 

(1.084) (2.646) (-0.397) (-1.214) (0.073) 
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Chapter 2 

Trading Volume and Asymmetric 

Information 

2.1 Introduction 

Research on what makes investors trade can help to identify which sources oaf heterogeneity are important 

for pricing assets and determining equilibrium levels of trading volume. Studying stock turnover can also 

reveal information about the type of investors trading a particular security. Chae (2005) shows that stock 

turnover decreases on days right before earnings announcements and increases afterwards. However, 

almost 35% of stocks on CRSP exhibit greater average turnover before earnings announcements than 

during non-event days. In many cases, this increased turnover before announcements is even higher 

than turnover around announcements. At first, this might seem puzzling, since risk-averse, uninformed 

investors would prefer to trade after the release of information, when they face a smaller probability of 

losing money to investors with superior information. In this paper, I show that differences of opinion 

about earnings announcements help to explain these observed differences. 

Trading is generated whenever investors have different valuations about asset value. Heterogeneous 

valuations can be generated through many different channels, such as giving agents differential amounts 

of information about the asset, heterogeneous prior beliefs or differential interpretation of information. 

Most purely-rational equilibrium models imply that trading volume is negatively related to information 
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asymmetry [Kim and Verrecchia (1991,1994); Wang (1994); He and Wang (1995); Verrecchia (2001)]. 

These models show that while price fluctuations reflect changes in average beliefs, trading volume is 

determined by differential revisions of individual beliefs, caused by heterogeneous priors or access to 

private information. Even if the average belief does not change upon arrival of new information, imply- 

ing, that prices remain the same, trading can still occur whenever the level of investor disagreement is 

affected. 

An alternative channel to explain trading behavior is differential interpretation of information, by 

which agents disagree about how to interpret the information disclosed by public signals. Although 

everyone observes the same information, its outcome is interpreted by some traders as good news, while 

others interpret it as being bad news. In this setting, public information is still common knowledge to 

investors, but each one has a different likelihood function to evaluate how public signals affect asset 

valuation, generated by the disagreement on the meaning of public information. ' This assumption leads 

to differential updating of beliefs and to a higher trading volume, even when all agents start out with 

the same prior assumptions about the asset. Imagine, for example, a corporate event that makes half the 

investors more optimistic and the other half equally more pessimistic about a stock. Although aggregate 

beliefs stay the same, the more pessimistic agents would happily sell their holdings to the more optimistic 

ones, generating trading volume without any price change. Although this assumption is not common 

in rational-expectations models, it has been widely used as an alternative way to generate trading and 

explain many empirical patterns observed for trading volume [Harris and Raviv (1993); Kandel and 

Pearson (1995); Banerjee and Kremer (2005)]. 

This paper expands the literature on trading volume in two dimensions. First, I combine features 

from Kim and Verrecchia (1991) and Kandel and Pearson (1995) to solve a model that incorporates both 

information asymmetry and differential interpretation of information, in a non-myopic economy where 

no single agent has a strictly better information set than others. Agents observe private signals before the 

release of public information, but the precision of these signals varies across agents. When the public 

'This is a quote from the article "Swimming against the Tide", Business Week, Sep. 23rd, 2005: "It's nearly impossible to 

get people to agree completely on certain topics. Who was the greatest U. S. President? is the designated hitter rule good for 

baseball'? Rare, medium, or well-done? Is Stock Xa buy or a sell? Of course, it's that last question that concerns us. Equity 

research outfits' opinions on particular issues can vary widely. That's because analysts may use different valuation models, 

industry forecasts, macroeconomic assumptions, etc., in arriving at their recommendations. " 
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signal is released, though all agents observe the same information, there is differential interpretation 

about its meaning. 1 examine how these two features affect the difference in trading levels before and after 

releases off public in. -formation, and how the timing of these trades can be used to reveal characteristics 

about the information environment of a stock. 

I derive analytical formulae for expected trading volume and show that higher dispersion increases 

expected aggregate turnover both before and around announcements. An increase in information asym- 

metry decreases trading by uninformed investors before announcements, but the aggregate effect depends 

on how much extra trading is soaked up by relatively better informed investors. After announcements, 

higher asymmetry unambiguously decrease aggregate trading volume. 

However, simply extending three-period volume models to incorporate differential interpretations of 

public signals [as in Kandel and Pearson (1995)] cannot explain the time-series differences in turnover 

before and turnover around earnings announcements found in the data. The model predicts that higher 

dispersion delays trading, as the fall in uncertainty following the release of public information makes in- 

vestors even more willing to trade on their differential beliefs. This result is strongly rejected empirically 

and I find the opposite sign in the data, even though the model is able to successfully capture the patterns 

observed for trading levels at the time of earnings announcements. 

Empirically, information asymmetry is captured by the probability of information-based trading 

(PIN), developed by Easley, Kiefer, and O'Hara (1996) and computed from high-frequency trading data 

to provide an estimate of the amount in private information-based trading for a particular stock. Dif- 

ferences of opinion are captured by analysts' forecast dispersion, using several instruments to filter the 

impact of fundamental uncertainty and information asymmetry on dispersion. 

Using earnings announcements by US firms from 1984 to 2002.1 find that a one standard devi- 

ation increase in dispersion accelerates trading, reducing the difference between turnover around and 

turnover before announcements by 8.50%. A similar increase in information asymmetry delays trading, 

raising the difference by 8.29%. These results show that combining information asymmetry and disper- 

sion of opinion improves explanation of turnover and the time-series difference between trading before 

and around an announcement, being robust to the periodicity of announcements (quarterly or annual), 

different sample periods and alternative lengths of the "around"-announcements window. 
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The combination of changes in dispersion and information asymmetry help to explain why some 

stocks actually have higher turnover before announcements, a characteristic exhibited by about one third 

of events in my sample. Any model that attempts to explain trading volume must be able to explain this 

cross-sectional heterogeneity in turnover differences, on top of any effects related to levels of turnover. 

This requires a fully dynamic model that allows trading at different periods before and after releases 

of public signals that includes differential interpretation of public signals. My results also provide ne«- 

evidence that analyst dispersion is more closely related to differences of opinion [Diether, Malloy, and 

Scherbina (2002)] than to fundamental uncertainty [Johnson (2004)]. 

The rest of the paper is divided as follows. Section 2 describes the related literature, while section 

3 contains the model and analytical formulas derived for expected trading volume. Section 4 describes 

the hypotheses. In section 5,1 discuss the empirical results. Section 6 summarizes my findings and the 

appendix collects all proofs. 

2.2 Literature Review 

The mechanism behind. most models attempting to explain trading is sonne type of heterogeneity that 

makes agents update their beliefs about asset value in different ways, Explored sources have been ones 

such as agents who observe signals of different precisions [Grundy and McNichols (1989); Kim and 

Verrecchia (1991,1994); He and Wang (1.995)], have access to different investment opportunities [Wang 

(1994)], face heterogeneous endowment shocks [Schneider (2005)] or are overconfident about the infor- 

mation they receive [Olean (1998)]. 

My y paper is related to Kim and Verrecchia (1991) in the sense that traders also receive private signals 

of different quality. After a (noisy) public announcement about firm value, they show how trading volume 

is proportional to the absolute price change times a measure of the level of pre-disclosure iinform-nation 

asymmetry among investors. Trading arises due to differential belief revisions caused by asymmetric 

private information among investors, with some agents having strictly better information sets than others. 

Trade cannot occur without being accompanied by price changes, a counterfactual. feature of their model. 
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I address this concern by assuming differential interpretation of public information, in which each 

agent has a unique way of processing public information [Harrison and Kreps (1978); Harris and Rai iv 

(1993)]. 1 follow the approach of Kandel and Pearson (1995) and Baneljee and Kremer (2005) by 

giving each agent a different likelihood function about an informative public signal. Although everyone 

observes the same signal, each agent interprets it uniquely, leading to differential updating of beliefs even 

when all agents start out with the same priors. In contrast to these papers, I not only explicitly model 

private signals, but also consider agents who incorporate the information contained in prices to update 

their beliefs. 

The impact of information asymmetry in my model is similar to Wang (1994). In his paper, some 

agents not only have superior information but also have access to better investment opportunities. They 

can be thought of as sophisticated institutions like banks, pension funds or fund managers who would 

have better access to information and a wider variety of investment opportunities not commonly avail- 

able to individual investors or those in less-developed markets. Those receiving superior information, 

the informed ones, dynamically trade for informational and non-informational reasons. Uninformed in- 

vestors only accept to trade with informed ones because they know that not all trades will be due to 

information shocks directly affecting the asset value. Hence, as asymmetric information increases, un- 

informed investors are less capable of identifying the motivation behind the informed investors' trades 

and their trading volume decreases as a consequence. A more realistic assumption is to prevent that the 

information sets of certain agents are strictly superior to other, which is done by He and Wang (1995) in 

a discrete-time economy with a terminal date. 2 Although I use a simpler model with only two trading 

dates compared to their more realistic dynamic version, in both models agents observe private signals 

of heterogenous quality, but no one is perfectly informed about the liquidation value of the asset. In- 

vestors differ by their prior expectations about public information and by observing private information 

unknown to others. The finite-horizon setting implies that trades depend not only on cash-flow uncer- 

tainty but also on the number of trading opportunities still remaining. As time elapses, more private 

information is revealed through prices, inducing agents to speculate more. On the flip-side. as the ter- 

minal date approaches there are fewer trading opportunities, making it harder to unwind positions and 

2Relaxing this assumption in a infinite-horizon setting requires solving a faltering-problem with an infinite number of state 

variables. An agent would have to forecast the forecasts of others. His own forecast of the forecast would then also ha c to be 

forecasted by other agents, leading to the "infinite regress" problem [Townsend (1983)]. 
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leading to less aggressive behavior by investors. In equilibrium, the opposing effects of these two forces 

determine portfolio holdings and volume patterns. 

On the empirical side, many papers have looked at trading volume using corporate earnings an- 

nouncements. For example, Atiase and Barober (1.994) show evidence that trading volume reactions 

around announcements are an increasing function of the level of pre-disclosure informational asymme- 

try using analyst forecast dispersion as a proxy for information asymmetry. Unlike their paper, I use 

dispersion as a proxy for differences of opinion [Diether, Malloy, and Scherbina (2002)], examining 

its impact on turnover measures after controlling for the idiosyncratic risk and information asymmetry 

components. 

Also related is Bamber, Barron, and Stober (l 997), who show that different aspects of disagreement 

affects trading around announcements. On top of dispersion of prior beliefs, changes in aggregate dis- 

persion following the announcement and changes in the relative forecasts of individual analysts are also 

important, but they don't control for the level of information asymmetry surrounding an arnnouncement. 

Closest to nay work is Chae (2005), who presents evidence that trading volume reactions decrease 

with information asymmetry before scheduled announcements and increase afterwards. I contribute by 

showing that differences of opinion are important to determine trading levels and, more importantly, that 

the time-series difference between trading around and before announcements helps to disentangle the 

impact of information asymmetry from those of proxies of differences of opinion. 

2.3 Model 

The model is based on a generalization of Kim and Verrecchia (1991) to allow for differences of opinion 

as in Kandel and Pearson (1995). Agents receive private information of heterogeneous quality (generat- 

i. ng asyn. imetric information. among them) and have different opinions about public information (leading 

to differential likelihood functions). The setting is fully-rational in the sense that prices are also used to 

infer the true liquidation value of a risky asset. 

These two sources of information generate a trade-off between a larger willingness to trade as dif- 

ferences of opinion increase among investors and an increased fear of being exploited by investors who 
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observe more precise private signals. In equilibrium, mean-preserving spreads in the distribution of 
opinions about the public signal will affect trading volume while leaving prices unchanged. 

The economy has a continuum of traders indexed by i. [0,1), each having CARA utility function 

with risk aversion coefficient . They are allowed to trade two assets at two trading dates (t, = 1.2). 
The first asset is a riskless security that pays no interest, while the second is a risky stock in random 
supply liquidated at I=3. The stock's terminal value is given by a random payoff X, which is nor- 
mally distributed with mean X and precision (inverse of variance) lix. The stock supply S is normally 
distributed with zero mean and precision li, 5, preventing agents from filly learning the liquidation value 

after observing market prices. 

All investors begin to trade having the same beliefs, which are equal to the unconditional mean X 

of the liquidation value. During the second round of trading, each agent observes a normally distributed 

private signal Z=XI Ej, with Fj having zero mean and precision ti. The heterogeneous quality of 

private signals, generated by each unique precision t, creates asymmetric information across investors 

in this economy. 

At the beginning of the last round of trading, the company releases a public signal with information 

about the liquidation value to the market. The release date of this signal is known to everyone, but its 

meaning is interpreted differently by each agent. This is the "agreeing-to-disagree" assumption [see 

Harrison and Kreps (1978); Kandel and Pearson (1995); Wang (1998) or Baneijee and Kremer (2005)] 

and is equivalent to observing a public signal E_X+v, with each investor believing that the normally 

distributed shock rv has identical precision h1 but a different mean fir. The different opinions about the 

average value of the shock v makes each agent to have their own likelihood function when interpreting 

the outcome of the public signal, which in turn affects the updating of beliefs about the true value of the 

asset. 

Finally, at 1 3, the firm is liquidated and investors consume all of their wealth. I assume that all 

random variables are independent from each other and their distributions are common knowledge to all 

agents in the economy. Fig re 2.1 summarizes the events occurring at each trading date. 

Agents condition their investment decisions on observed prices, hilly using market information to 

update their beliefs about the asset. Because investors are not myopic and prices at t=2 depend on the 
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outcome of the public signal E, they take into account not only their expectations about the liquidation 

value X, but also their beliefs about E when choosing their portfolios at l=1. Differential interpretation 

of public signals, measured by the parameter /1,;, creates an incentive to trade regardless of the asset's 

liquidation value. This incentive depends solely on disagreement about the meaning of the public signal. 

However, this willingness to speculate on differences of opinion is counterbalanced by the fact that some 

traders possess an informational advantage because they receive more precise private signals, making 

relatively uninformed investors less willing to trade. These two opposing forces, differences of opinion 

and information asymmetry, are crucial to determine levels of trading and its timing. 

In noisy rational expectations equilibrium (NREE. ) models, investors make self-fulfilling conjectures 

about prices and one defines equilibrium as a set of allocations such that agents maximize their utilities, 

their conjectures hold and markets clear, Let these linear conjectures for 
. 
P1 and P2 be given by: 

pi = ý/> 1+ ýý" tX+ , 
LI1 Z? di 7t S 

.0 

' 

= ý)1+0': 1x+(X+E; )di - ,S 
"0 

q, i + cx1X + I3i. X - -yiS. (2.1) 

and 
P2=C11>2+(12X +32X-^V2$+02E. (2.2) 

In equilibrium, the noise contained in private signals is eliminated by the law of large numbers, 

simplifying the optimization problem because agents no longer need to forecast the forecasts of others 

when inferring information from prices. This is an issue with interesting implications of its own [see for 

example Townsend (1983); He and Wang (1995); Makarov and Rytchkov (2006)], but not crucial for my 

argunl. ent. 

At t .. I., investors trade based on. the information given by private signals Z1 and the market price 

P1. At t=2, they additionally use the public signal E and price P2. The normalized signals qi and qz 
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summarize the information contained in prices, defined as: 

qi - jl 
[1'] 

_-" x --- ýj s (2.3) 
1- 

q2 , jý 
[P2-02-02Z'-H9El =x-ý2s (2.4) 

The precisions of the noise in variables Z.,, E, q1, q2 as linear functions of X are: i. hF,, ` and 
hL 

) (2) . 
In this paper I assume that linear conjectures are such that ;i -- ý2, i.. e., the elasticity of the signal 

with respect to the stock supply is the same over trading dates, making; (11 = q2 =q3 

Since prices are perfectly determined by ql and q2, the information sets of agent i. at time t can be 

summarized by , ißt 

ýFj' = fZ, g1}. 
J: -2 - 

{Z1. E. 
(. 1. g2} 

. 

In standard fashion, I begin to solve the model by finding optimal demands at /=2: 

2.3.1 Trading at date 2 

Investor 'i chooses optimal stock demand m. at time 1;, by maximizing next period's wealth 11 7 given the 

information set Ft . At l 2, optimal stock demand is given by: 

{-I [6iý ± Max E rrz. (_1 
-1-'2)] 1 ýi. 2} e fro" } 

772; ý> 
(Eý. [ý'I.. 

F2- P2 
772. E 

2 

Max L zý Vu, r Y; ` 
. 

(?. >) 
2A2 

'I focus solely on partial information-revealing equilibrium. Please refer to section 2 of Grundy and McNichols (1989) for 

a more detailed discussion about the two types of equilibrium in a model without differences of opinion. 
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In view of the CARA utility function and normality of random variables, Bayes' theorem ensure that 

traders update their beliefs about the liquidation value with: 

Ia ý _l' + Iý (F., týG) + t, /L +q 
E' [`1 F2ý =h and (?. 6) 

tý.. ý +t; +lýr ++ 

]ý zi 11-V + t,, + 1zß; ' + ,, (2.7) 

At t=2, differences in how investors estimate the liquidation value are due to private information 

heterogeneity and dispersion of opinions. Here, I assume there is no overconfidence by agents (i. e., hl-, 

is constant), but they are allowed to disagree about the interpretation of public information. When a 

firm releases its earnings, the precision of beliefs rises by the same amount hr for all agents, reducing 

total uncertainty. However, the effect of this announcement on individual valuations depends both on 

how optimistic an agent is (i. e., how negative Iti is), and on the precision of the public signal relative to 

his prior's precision (i. e., how large h; is relative to K11). The assumption of homogeneous precisions 

about the noise contained in these signals is important to eliminate any effects caused by overconfidence 

[Odean (1998)], which would affect asset returns and, consequentially, trading volume. 

Furthermore, the release of public information reduces overall uncertainty and the gap between un- 

informed and informed traders' precision in estimating asset values. This can be seen from equation 

(2.7), which shows how a release of public information increases the precision about liquidation value's 

beliefs by h. 1-. This increase however, relative to ex-tante information, is relatively larger for uninformed 

investors. 

The following theorem summarizes equilibrium at t=2. 

Theorem 2 Equilibrium price and demands conditional on the public signed at t, =2 are characterized 

by stock price 

+ (t + A2t2l-i, S) X- 
K2 

+At h.; S+h; (F-lý) (2.8) 
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and demand 

1n2 = Xf E1 .... }... Ah E (/t, -.. _ Ili) .... I.... 
1t 

[)ýX (X X) }... b, (v fir, ) 
IL2; 

z 

where ir. = 
. 
Jo bwýi., t= j" tzcb, 21 )1; X ti } h. + \2i. 2 h. 5, and K2 ý- 

. 
ýo K2idi = h_t +. I, ) t1(Jýi 

2 

As expected, prices increase with X and decrease with aggregate supply S. The distribution of 

opinions in this economy affects prices through the term p1, which captures the average opinion about the 

public signal. When this parameter is greater than zero, investors on average infer a smaller realization 

of the liquidation value X frone the earnings announcement, becoming relatively more pessimistic about 

it. Although prices are unaffected by differences of opinion when /j, is zero, demands are still sensitive 

to individual beliefs and depend on how much they differ from the average. The more precise public 

signals are, the more weight is given to their outcome, leading to a higher impact from differences of 

opinion on investor holdings. 

2.3.2 Trading at date 1. 

At t=1, agents solve 

- rrt' 1'1...... Jb ±i fl r. 1ý2 . _.. 1>I +rrr,; 2 1'2 ý 
Max F; -eý 0 

Using the law of iterated expectations we rewrite this expectation as: 

Ei 
t 

Eý .. _c , -\ý7rzýj(ýx-Po)+'rniýP>-PýiF'zý. 
K2) 

In the Appendix, I show that this problem is equivalent to: 

In1 K21? X ltZlilifs t. ý- 
1C 

zI E' cF ý: Ja Ii2 
pi F 

Max ý.... 
M 

ý rrt. 
A2 [(i. 

i _ . 1. ) + haz 2 

(2.10) 
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The following theorem summarizes equilibrium at /=1. 

Theorem 3 Equilibrium price and allocations (it t=1 are characterized by stock price 

Pi 
K, 

jIXX + (l, + A212h8) X- (t + , A2t. 2h, 5 ) At (2.11) 

and demand 

in'ýt- ýi -t hl; 
12) ...... 'iý- i. +X KI (f i- fa t) +A 

ýýý 
[izl (. X - X) + Atlit S S] + 

I11 
5, (2.12 

t=1 tali K1, hx 22_1-2 
0 _.. ý. _., _f_ ýth, 5 and Ka_ fo where jý ýiidi, J K a; di =ht f\= t tt s 

Equation (2.12) allows us to discuss the impact of dispersion of opinions and information asymmetry 

on holdings. The higher the precision of private information, the more weight is given to the private 

shock : j. The impact of differences of opinion. from. the average consensus is a function o(' the aggregate 

uncertainty in the economy at t=1. 

2.3.3 Public Announcements, Price Reactions and Trading Volume 

In this section, I simplify the model to analyze how changes in information asymmetry and differences 

of opinion affect aggregate volume, assuming there are just two classes of investors, the informed and 

uninformed ones. The informed investors comprise a proportion ^p of all investors, have beliefs tß. 1 

about the mean of the public signal noise and precision ij on the private signal received at 1I = I. The 

uninfornmed, in proportion 1. - have beliefs 
-tt; about the public signal and precision t, rF. The private 

signal observed by the informed agents is more precise than the one possessed by the uninformed, such 

that tl > tj ). Finally, I also assume, to simplify calculations, that the average opinion about the public 

signal's noise is zero (i. e., Fi. = 0), implying that dispersion of beliefs has no impact on prices. 
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in this case, the following simplifications can be made: 

.1 

-411 -F. _ (1 ^) Far_. ý _ pur (ji. Ea, ýr) = 0, (2.13) 

r_l; cl l-... __ = tv { .i (1j ýi) (2.14) 

Zig = Is izdz. = Ia, +L+ (tr tu) + \2 [1, t, + (t1 tu)] hs. (2.15) 

1ý =K . )id/ = 11 ELL + (t, - LU) + ,A {ttý ;ý (Il - 1v)] h, S + ]1, I . (2.16) 
. (1 

The corollary below summarizes prices and holdings: 

Corollary 1 Suppose investors belong to just two classes: the informed and iininjormed. The informed 

investors, in proportion 7, are characterized by beliefs il j and precision t1 of the private signal. The 

remaining (1 - ^r) proportion of uninformed investors have beliefs ip, tj sand precision [er. In this case, 

holdings of'an uninformed investor are given by: 

t, m=A 
[111 

-i (pl. - v) + 

A1 

(tu 
h-2 

(h. x (X X) +, \tll"5 ") 
]5+ 

Ise 
5', 

(Kur)_c 
s. (2.17) 

ýi l 

When an investor is more optimistic about earnings (1a, (j >0> dal), she trades on this belief by 

purchasing relatively more of the asset at date 1. Since this small ex-ante optimism about earnings 

implies, by construction, a higher ex-post pessimism about the asset, she reverts her strategy and sell more 

at date 2, increasing trading volume around announcements accordingly. The private signal received at 

1=1 also provides investors with information about earnings, but each investor has its own interpretation 

because of the ip parameter, which affects holdings in equilibrium. 

Trading volume between t and t+1. is defined as the absolute change in stock holdings over time: 

V"014: 1 _ ý, rýý (2.18) 
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and hence volume around. the announcement is given by: 

V01, =1 I-i ... , ýý, i 

A j-K21i -(ti -t)(P2-P01 " (2.19) 

Trading volume around. announcements is linear on absolute price changes if there is no dispersion 

of opinions. However, when agents do disagree about the interpretation of public information, this 

linearity breaks down, in contrast to Proposition 2 of Kim and Verrecchia (1991) but similar to Kim and 

Verrecchia (1994). Here, differences of opinion affect volume even under symmetric information (i. e., 

when i= 11 = t). If earnings announcements are useless to convey new information to investors 

(hL: = 0), there are no price reactions, but agents still change their portfolios due to disagreement about 

the meaning of the public signal itself. 

Since holdings are normally distributed, we can use the following result to compute expected volume: 

y ^' N (It, a2) E (l il) = 2n. (ý) 
a- 

[1 
- 24' (h)]. (2.20) 

with ii (. ) being the probability density function of a standard normal distribution and. (. ) its cumula- 

tive density function. The next result summarizes expected trading volume before and around announce- 

ments. 

Theorem 4 Let agent i have beliefs p., about the mean of public signal's noise, and ti he the precision 

of the private signal. Furthermore, let the average belief be i' -- 0 and t the aggregate intbimativeness 

of private signals. Then, expected trading volume is given by: 

1. Before announcements: 

E (Vol - 2n Fr1 
tu. 1 l2> 21 

ýa ýi 
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with 

AK, pj 

12l 
ý"t ý2 1 

-=if ýh-i 

()2 
+ (t; - t) h5h 

1s 

'. Around announcements: 

E( 'olZ) = 2a i P2 I- 21 (2.222) 
7Z Q2 

with 

fa 2=E (rrt'> ---- m, 

(T2 = Q(711'2-m; 1) =Aýt -fýC7 
(P2-P1) 

. 

It follows from Equation (2.22) that expected volume is a function of the mean and standard deviation 

of the change in holdings over time. As fundamental risk grows (i. e., h, k falls), investors are more 

worried about information asymmetry since the relative difference in the quality of private signals rises. 

This reduces speculation based on differences of opinion, leading to smaller trading volume. 

Now, I present derivatives of expected volume given mean-preserving spreads in asymmetric infor- 

mation or differences of opinion. These spreads are such that a decrease in the quality of information tu 

observed by uninformed traders is matched by a proportional increase in. tj for informed ones, in order 

to keep the aggregate informativeness of private signals constant. It is important to keep / constant to 

fix the average uncertainty level in the economy, keeping prices constant and allowing me to focus on 

relative differences between classes. 

fiý, i about the public signal's noise mean and let t,,, Theorem 5 Let agent i have belie . 
bc the beliel'about 

the private signal 's noise precision. Furthermore, let th e average belief' be it =0 and the aggregate 

igbrinative ness t of'pr°ivate signals a positive constant. Then, the sign (? I 'the derivative of expected 

volume with respect to ip. I is positive if and only if it; is positive, both before announcements and around 
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announcements. Furthermore, the dierivalive Of (: peeled volume with respect to the precision q prAvle 

signals t; is ah 1 a3 s positive both heföi"e and around announcements. The analytical Jbrrniilas are Shown 
belotiv: 

1. Before Unnouncelnenls: 

yE (Voli') 12 
> (2.23) 

OE ý1 Jýlý ýfC1 Fr; ücý 
- 2n >0 JJ)r all t, > 0. (2.24) Dt; u` l t 

Dt;. 
f : r. c; d f i, rerý t 

?. J round announceinenltis: 

2AK2 ýD >0/., j > 0.2.25 
2 (, T2 

jL-0 

OE (Vol') 1 
= 2An fva, r (P2 PI )> 0/or cell ti > 0. (2.26) 

fii((l f 

Although the theorem above computes derivatives for individual investors, empirical researchers 

most of the time only have access to aggregate trading volume measures. Thus, it is crucial to derive how 

increases in dispersion affect aggregate expected volume. 

Theorem 6 Let/ rj define the belief about mean public signals noise by uninformed investors and ifl the 

equivalent belief for informed investors such that the average belief is zero, i. e., it - yi' j+0. 

Then, a meal? -preser ling rise in di/ferenc£'. S' Of opinion, incr ases trading volume both hL]hre an- 

nouncements and afterwards. Furthermore, a mean preserving increase in information asymmetry de- 

creases iradingr volume after announcements. 

An increase in dispersion is equivalent to an increase in eft(, - j11.4 As seen frone equation (A. 35) 

and (A. 36) in the appendix, we can observe how higher dispersion leads to higher trading at both trading 

"As it = 0, whenever one class of investors has positive expectations about the signal, the other has negative expectations 
by construction. 
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dates. They also show that the magnitude of this increased trading depends on information asymmetry, 

which has the interesting empirical implication that trading volume varies asymmetrically with disper- 

sion. The theorem crucially depends on the result that the cumulative probability function of a normal 

variable is a monotonically increasing function of its mean. On the other hand, when I compute the total 

differential with respect to information asymmetry. the resulting formulas are functions of the probabil- 

ity density functions instead, preventing me from finding a clear sign for the derivative of total volume 

before announcements. However, it can still be shown that trading volume after announcements is un- 

ambiguously lower following an increase in information asymmetry. 

Given these results, it is important to outline some limitations of the model. The three-period CARA 

setting imposes unrealistic constraints upon agents, who might prefer to smooth their trading both before 

and after announcements as uncertainty is resolved [see for example He and Wang (1995) or Makarov 

and Rytchkov (2006)]. Furthermore, agents only trade in two periods, with volume at t=1 depending 

on the initial allocations of each investor. In a dynamic model, expected volume at t=1 would certainly 

be higher due to a change in holdings at t: = 0. 

Another important assumption is that differences of opinion are constant over time. For example, 

companies might release their earnings while, at the same time, give further clarification to the market 

on how particular figures have been calculated, reducing differences of interpretation. Although this 

would affect the magnitude of the derivatives above, it is unlikely to change their signs. 

Regardless of these limitations, the model captures the main motives for trading and expands the 

literature by incorporating more realistic features than previous ones. In the next sections I test the model 

on stock turnover near earnings announcements and show that while the model can reasonably match 

patterns associated with trading levels, it cannot match the evidence found in the data for the sensitivity 

of the difference in trading around and trading before announcements with respect to differences of 

opinions. The empirical findings I present in the next sections also illustrate the usefulness of the model 

to examine how stock turnover relates to pre-event measures of asymmetric information and differences 

of opinion. 
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2.4 Hypotheses 

In light of these ideas, corporate earnings announcements constitute prime candidates for empirical in- 

vestigation, since they convey important information about firm value at scheduled dates known by all 

traders in advance. In particular, I test the following hypotheses: 

Hypothesis 1 Trading 
. 'olun ie before earnings announcements increases vi; iih dispersion of opinions. 

The larger is the disagreement among investors the more willing to speculate on the outcome of 

announcements they become. Although agents are well aware that other market participants alight have 

access to more precise information, they are still willing to bet on their individual beliefs regardless 

of' possible informational. disadvantages. Ultimately, this leads to an increase in trading volume before 

announcements following rises in dispersion, as shown by equation (A. 35) in the appendix. 

Hypothesis 2 Traclin r volume around earnings announcements increases with dispersion of opinions. 

Equation (A. 36) in the appendix shows that a rise in dispersion always increases trading volume 

after announcements. Aggregate uncertainty decreases from t=1 to t=2 because extra information 

is released to the market. Agents are therefore more willing to trade upon differences in beliefs as time 

elapses and uncertainty about the liquidation value is reduced. 

A positive relationship between turnover around earnings announcements and analyst forecast dis- 

persion has been explored many times before [Ajinkya, Atiase, and Gift (1991) or Bamber, Barron, and 

Stober (1997)], but I control for differences in information asymmetry and provide evidence that the 

magnitude of this effect itself depends on information asymmetry. This illustrates that dispersion of 

analysts' forecasts must be used with care if one does not account for adverse selection costs. 

Hypothesis 3 Investors trade less heforýe announcements if info nzation asymmetry is Nigh. 

At the first trading date, equation (2.24) shows that an increase in the quality of private signals always 

increases expected trading volume, regardless of whether the investor is better or worse informed than the 

average. An increase in information asymmetry is characterized by a fall in the quality of uninformed 
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agents' private signals and a proportional rise in the quality of private signals observed by informed 

agents. This fall on the uninformed's signal quality makes them trade less (the "fear of trading" effect), 

vvvhile the corresponding increase on the ini: onned's signal quality makes these investors trade more. 

The information gap between informed and uninformed traders determines whether aggregate trading 

volume goes up or down, and explains why its sign is ambiguous following a mean-preserving rise 

in information asymmetry. This result may explain why stock turnover before announcements can be 

actually lower after decreases in information asymmetry, exactly the results found by Bailey, Karolyi, 

and Salva (2005) for international firms that cross-list their shares in US stock exchanges via American 

Depositary Receipts (ADRs). 

Chae (2005) essentially tests this hypothesis, investigating turnover reactions rather than levels of 

trading; using market capitalization, analyst coverage and average bid-ask spreads as proxies for in- 

formation asymmetry. In this paper, I use a more direct proxy for asymmetry borrowed from the mi- 

crostructure literature, the probability of information-based trading (PIN) [Easley, Kiefer, and O'Hara 

(1996), Vega (2006)1 and show that it is negatively related to turnover before announcements. 

Hypothesis 4 Investors trade less around announcements when information asymmetf. v is high. 

Equation (2.26) shows that a fä1.1. in the quality of private signals always decreases expected volume 

around announcements. The change in aggregate expected trading volume depends on whether, at the 

margin, uninformed investors are more or less sensitive than informed ones after an increase in asym- 

metry. Whether it decreases or increases trading around announcements across firms is for the data to 

uncover. In particular, I use PIN to test this hypothesis, showing that turnover levels after announcements 

are negatively related to asymmetry around earnings announcements. 

None of the four hypotheses say anything about the timing of trades, i. e., the trading date at which 

investors place their orders. The scheduled release of public information affects investors' trading deci- 

sions, who shift their trading depending on information asymmetry and dispersion. The model allow us 

to test the following hypothesis: 

Hypothesis 5 Turnover around announcements increases relative to turnover before announcements 

when inf rinaiion asymmetry and dispersion are high. 
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Investors have more incentives to wait for the release of public signals when information asymmetry 

is high, since these signals reduce the wedge between informed and uninformed investors. The fear of 

trading with informed agents makes uninformed ones prefer to wait for as much infonnation as possible, 

leading to relatively more trading around announcements compared to before announcements when there 

is more information asymmetry among agents. If agents disagree about how to interpret the information 

released by public announcements, the model implies that they will speculate more on their differential 

interpretations after the public signal is released. The reduction in uncertainty due to the release of 

public information makes everyone more willing to trade on their differential valuations, even though an 

investor is aware she could be trading with better-informed ones. 

In the empirical section, I show evidence against the hypothesis that higher dispersion delays trading 

until after the announcement. In fact, there is strong evidence in the opposite direction, in the sense 

that higher dispersion accelerates trading. The assumption that investors can only trade once before the 

public signal is released imposes big constraints on how investors can react to differences of opinion, 

since holdings at t=1 affect volume before and around announcements. If the announcement itself 

conveys information that reduces the disagreement of interpretations among investors, it might also lead 

to relatively less trading afterwards. The private signal observed at t -- 1 provides information about 

the earnings announcement itself. As these earnings also affect future prices and trading decisions, the 

heterogeneous information processing among agents will affect holdings. 

2.5 Empirical Results 

2.5.1 Data Description 

The data comprise all annual earnings announcements from the Institutional Brokers Estimate System 

(I/B/E/S) for the period running from 1984 to 2002. These events are matched to with CRSP to get price 

and volume data. I further restrict the sample using two criteria. First, I only include I/B/E/S events with 

primary annual earnings-per-share (FES) forecasts made by at least three analysts. Second, I remove 

forecasts made after the reporting date of earnings and only include firms with at least 30 days of return 

data available during the estimation window period covering t= -80 to t -- -11 trading days before 
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the announcement. 

I measure dispersion as the standard deviation of unadjusted analyst forecasts reported by I/B/E'S 

divided by average stock price observed during the estimation period [Qu, Starks, and Yan (2004)]. Given 

the biases in I/B/E/S data uncovered by Diether, Malloy, and Scherbina (2002), T use the Unadjusted 

Summary Pile to compute dispersion measures. s The implicit assumption is that dispersion of analysts' 

earnings forecasts captures investors' differences of opinion. 

Dispersion is also affected by the amount of pre-announcement information known by agents and the 

fundamental uncertainty about the stock. In the model, dispersion of forecasts among investors is caused 

by two factors: differential updating of beliefs after observing private signals and the heterogeneous 

opinions that each investor has about the outcome of the public signal. 

More generally, the level of uncertainty about liquidation values and the relative precision of private 

information signals affect forecasts [see for example Abarbanell, Lanen, and Verrecchia (1995)]. Given 

a fixed value of private signals' average uncertainty, uninformed investors will trade less as information 

asymmetry increases to avoid being exploited by others with access to more precise private information. 

Empirically, I proxy for this adverse-selection cost with the probability of information-based trading 

(PIN) in the calendar year prior to the reporting date of earnings. This measure was developed by Easley, 

Kiefer, and O'Hara (1996) and is computed from a structural market-microstructure model based on a 

stock's total number of daily buy and sell transactions in a given calendar year. It has been used to explain 

many information-related effects observed in stock returns and volatility series [see for example Easley, 

Hvidkjaer, and O'Hara (2002); Vega (2006)] and it serves as my control for the private information 

component embedded in analysts' forecast dispersion. ' The exclusion of NASDAQ-listed companies 

reduces the number of PIN-matched events by more than 40%, biasing the sample towards larger and 

more widely covered firms, leaving a total of 20,403 earnings announcements events from 2,730 firms. 

Following Hong, Lim, and Stein (2000), 1 also use the logarithm of market capitalization and analyst cov- 

trage as further controls for information asymmetry. Finally, I reduce the impact of outliers i» turnover 

'Qualitative results are the same regardless of whether data come from Summary or Detailed files, though statistical signif- 
icance decreases a little when using the former. 

Data with estimated PIN measures of NYSE/AMEX common stocks from 1983 to 2003 can be obtained from Soeren 

Hvidkjaer's site at httpJ! www. smith. umd. edu/faculty/hvidkjaer/(Iata. htm 
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and dispersion measures by "winsorizing" them at the I% level. 7 

In Panel A of Table 2.1,1 show descriptive statistics of events with available PIN estimates. An- 

nouncements rarely exhibit high levels of disagreement, with mean dispersion being equal to 0.5611110 of 

share price and standard deviation equal to 1.22%. Most stocks in the sample also exhibit small values 

for PIN but its distribution exhibits less kurtosis and skewness than what is found for dispersion. The 

correlations among explanatory variables are in line with prior expectations: Panel B shows that PIN is 

negatively related to firm size and analyst coverage, matching the intuition that investors face a smaller 

probability of trading with informed investors for stocks with higher degrees of public information dis- 

closure. Dispersion is highly correlated with stock volatility, showing the importance of controlling for 

fundamental uncertainty when attempting to evaluate the impact of dispersion of opinions. The table 

also shows that higher analyst coverage is associated to a smaller dispersion of forecasts. However, 

unreported results show that once we control for firm size (like Hong, Lim, and Stein (2000)), there is 

a negative con-elation between residual coverage and forecast dispersion. This is evidence in favor of 

higher coverage reducing information asymmetry and increasing disagreement among investors. 

2.5.2 Event-study and Regression Analysis 

The hypotheses are tested on average stock turnover before earnings announcements, around earnings 

announcements and the difference between the two. 8 The distributional characteristics of raw turnover 

and the fact that it is bounded below at zero cause large departures from normality. Following Ajinkya 

and Jain (1989), 1 apply the logarithmic transformation to make the turnover distribution better behaved. 

Thus, daily log turnover ij is defined as: 

Shares traded on day t 
=log 0.0O1 + Shares outstanding for firn? j on day t 

7Results are qualitatively the same with a 5`!, or 10% cut-off level. 
`'1 use the terms Around and After interchangeably. 
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The amount of trading be%re an announcement, around an announcement and the turnover difference 

are defined, respectively, as: 9 

t=-3 

t. -.. _.. 10 
T. - Y7 

t; =2 
(Ti, 

t) 

(2.28) 

7 T"I 13 
(2.29) Ti .. 

Figure 2.2 shows large differences in turnover reactions between firms with and without PIN esti- 

mates. It contains the relative amount of trading in each event-day compared to benchmark levels of 

trading when sample is split according to whether PIN is available or not. I use a 70-day estimation 

window as benchmark turnover and compute daily abnormal reactions during the [-10,10] days period 

near announcements. Unreported statistics show that firms without PIN tend to be smaller. less liquid, 

more volatile and to have a smaller analyst following than those with PIN. Firms with PIN have higher 

levels of abnormal trading before announcements, but after earnings are released the increase in turnover 

is niuclh larger for firms without PIN. The reduction in cross-sectional variability caused by the restric- 

tion that Finns must have PIN estimates makes testing the hypotheses more difficult. but results are still 

economically significant. 

Panel C of Table 2.1 shows descriptive statistics for log turnover measures. Average turnover is larger 

both before announcements and around announcements when compared to the estimation period. The 

skewness and kurtosis are much closer to normal values showing that the log transformation takes care 

of concerns about the statistical distribution of the dependent variables. Although averages relative to 

pre-event daily turnover may not seem economically large, they are equivalent to a 1.2% increase on the 

days before the announcement and a 35.9% on the days around the announcement. Both increases are 

statistically significant at the 1% level. The increase in turnover before announcements for firms with 

PIN estimates contrasts with the -3.82% found for the whole sample, being close to the one reported by 

Chae (2005). The difference relative to positive value found in the sample constrained by PIN availability 

Results are the same when 1 change the definition of the -around announcements" window to (--1, lj days. 
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can be explained by the absence of NASDAQ firms, which have turnover before announcements 4.73% 

lower, on average, than during the estimation period. The distribution of the differences in turnover 

is highly skewed (equal to 2.9 for the whole sample) and explains how the fact that almost 30% of 

all earning announcements exhibit larger turnover before versus turnover around announcements are 

compatible with the results seen on Figure 2.2. During the empirical analysis, I perform robustness tests 

to account for possible selection-bias due to this constraint due to PIN availability and show that my 

results are unchanged. 

I test hypotheses I and 3 by looking at how turnover before earnings announcements is affected by 

proxies for dispersion and asymmetric information, Table 2.2 presents results for different specifications. 

The first hypothesis states that trading before announcements increases with dispersion of opinions. The 

univariate regression coefficient of turnover on dispersion equals 0.39 but is not statistically significant 

which, at first, is evidence against the hypothesis. However, once I control for information asymmetry 

using PIN, dispersion coefficients increase and become statistically significant. This shows the relevance 

of controlling for the private information component embedded in analyst forecast dispersion, specially 

if researchers intend to use it as a proxy for differences of opinion. 

Hypothesis 3 predicts that trading before announcements is negatively related to information asym- 

metry and I cannot reject it at the 99°iä confidence level across all specifications. We can also observe 

that controlling for the amount of news is very important to explain trading levels. Using average ab- 

solute abnormal returns to proxy for firm-specific information and absolute abnormal market returns to 

proxy for market-wide information, we can see that both are positively related to turnover and highly 

significant, similar to previous findings [Chae (2005)]. The most significant drivers of trading volume 

are the amount of news hitting the stock during the event, either firm-related or market-related. 

I also test if the relationship between dispersion and turnover is concave in PIN, i. e., the larger 

information asymmetry levels are for a given stock, the smaller impact dispersion has on turnover. This 

conjecture cannot be rejected in the data, with the coefficient on the DISP*PIN cross-product being equal 

to -42.62 and statistically significant. 

Adding firm size and analyst coverage as additional controls do not affect the significance of dis- 

persion and PIN, although estimated PIN parameters do become smaller in magnitude. This decrease 
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in PIN coefficients is expected, since these control variables also capture part of information asymmetry 
differences across firms. The positive coefficients for analyst coverage in columns 6 to 8 are associated 

both with less inl: oniiation asymmetry and more dispersion of forecasts, in line with Hong, Lim, and 
Stein (2000) and Brown and i lillegeist (2003). 

The information contained in announcements also affects trading volume after the release of signals. 

I use abnormal turnover around announcements as the dependent variable to test hypotheses 2 and 4. The 

public information release helps to level ofidif["erences of information across investors, enticing them to 

wait for its outcome before placing their order. In Table 2.3,1 re-estimate regressions. If we look at the 

coefficient estimated for dispersion in column 6 of table 2.3, it is equal to 6.06. This supports hypothesis 

2, which states that turnover around announcements is also positively related to dispersion. 

Furthermore, just as predicted in hypothesis 4, turnover around announcements is negatively related 

to PIN, having a coefficient equal to -3.39. Although the derivatives of expected turnover with respect 

to information asymmetry depend on chosen parameters, this negative signal gives evidence that the 

decrease on uninformed traders' demands is larger than the increase on uninformed's demands following 

an increase in asymmetry. 

The results above support the claim that analyst dispersion measures differences of opinion rather 

than uncertainty. Higher uncertainty about asset value reduces trading and if dispersion was truly a 

proxy for uncertainty, we would not have found the estimated coefficients. 

The difference in parameters estimated for turnover before and turnover around announcements sug- 

gests that they are not only related to levels of trading, but also to the timing of trades with respect to 

releases of public information. This forms the basis of hypothesis 5 and I provide evidence to support it 

by running regressions using the difference between turnover around and turnover before announcements 

as the dependent variable. Results in Table 2.4 show that the difference in turnover is positively related 

to information asymmetry, but negatively related to dispersion. This provides a new way to disentangle 

the relationship between differences of opinion and information asymmetry and adds another feature that 

must be captured by trading behavior models. They should not only match cross-sectional differences in 

levels of trading, but also tine-series differences. 

101 use the specification contained in column 6 as the main focus of analysis Unless otherwise noted. 
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Higher asymmetry increases the fear of trading with uninformed investors and decreases trading 

in both periods as can be seen in Tables 2.2 and 2.3. Since public signals reduce the wedge between 

informed and uninformed investors, hypothesis 5 predicts relatively more trading after announcements 

for higher levels of asymmetry. The estimated PIN coefficient is equal to 0.37 and supports this claim, 

being statistically significant at the 5% level. 

Hypothesis 5 also states that there should be relatively more trading after announcements when dis- 

agreement among investors is high. The estimated coefficient associated to dispersion equals -1.70, 

which rejects the model's prediction. Higher dispersion of opinions in fact accelerates trading, making 

investors speculate on their beliefs before earnings are released. This provides further evidence in favor 

of seeing forecast dispersion as a measure of differences of opinion [Diether, Malloy, and Scherbina 

(2002)] rather than a measure off. fundamental. uncertainty [Johnson (2004)]. 

After observing these results, the natural question is whether changes in PIN and dispersion lead to 

economically significant changes in turnover. In 'T'able 2.5,1 take estimated parameters and show the 

impact on expected turnover before announcements, after announcements and their difference, following 

a one standard deviation increase in three variables: PIN, dispersion. and analyst coverage. In Panel A., we 

see that differences of opinion have a smaller impact on turnover than information asymmetry. Increasing 

dispersion raises daily turnover before announcements by 0.12 standard deviations (an increase of 6.49% 

relative to its average), corresponding to an extra S7.88mi in dollar volume for the average firm during 

the 8-day period before the event. The same one standard deviation variation in PIN reduces turnover by 

0.13 standard deviations (equivalent to a -6.98% decrease relative to its unconditional mean), In Panel 

B, I repeat these calculations but examine turnover around announcements. A one-sigma increase in 

PIN decreases turnover by 0.1 standard deviations (-6.76% of its mean), less than the reduction found 

before announcements. Furthermore, following a one standard deviation increase in dispersion, turnover 

around announcements decrease by 0.09 standard deviations (5.98% of its mean), also less than the 

variation observed before announcements. 

I examine whether these differences across time are economically significant in Panel C. where 

compute the effect on the difference between turnover around and before the event. A one standard de- 

viation increase in PIN makes the difference in turnover go up by 0.04 standard deviations on average. a 
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number seemingly small at first but that corresponds to a 8.29% increase relative to the mean difference. 

Similar variation is found for a change in dispersion, which decreases turnover by 0.04 standard devia- 

tions and corresponds to -8.501rä of the mean turnover difference for the whole sample. These results are 

strong evidence that releases of public information have a significant impact on the timing of trades and 

these results follow the direction predicted by hypothesis 5. 

Increasing analyst coverage by one standard deviation has the largest impact on trading levels, raising 

turnover both before and around announcements by about 15-20%, but it does not seem to affect the 

timing of trades, with the -0.108 estimated coefficient not significantly different from zero. 

A crucial issue is whether the results above are driven by sample-selection bias due to the availability 

of PIN measures. Although in Column (8) of Tables 2.2-2.4 I estimate regressions using a dummy vari- 

able controlling for the availability of PIN, the PIN sample might be a non-random sample of US firms. 

This would lead to the classic sample selection problem described by Heckman (1979), who shows how 

OLS estimates are biased if stock characteristics conditional on PIN availability are different than for 

the average US company. Out of the 28,628 earnings announcements extracted from 1, /B/E/"S, data on 

PIN are available for only 19,690 events. Those excluded from the regressions include 3,627 announce- 

mnents from NYSE/AMEX-listed firms (19.15% of the total number of excluded events) and 17,891 from 

NASDAQ-listed firms (the remaining 80.85%). Unavailability of PIN estimates for NYSE/AMEX-listed 

firms is mainly caused by data constraints imposed by Easley, I-ividkjaer, and O'Hara (2002) to ensure 

reliable estimation of the model. More important, the exclusion of NASDAQ-listed firms occurs mainly 

due to the market microstructure of the exchange. The structural model in Easley, Kiefer, and O'Hara 

(1996) is based on an uninformed market-maker setting that is much closer to the trading environment 

seem on the NYSE and AMEX, with PIN estimates only being computed for NYSE/AMEX firms. 

In Panel A of Table 2.6 1 test the difference in average turnover measures, dispersion and size between 

PIN and no-PIN firms. Firms with PIN estimates available have smaller turnover before, turnover around 

and turnover difference, but tend to be smaller in size and to have less dispersion of opinions. All these 

differences are significant at the 1% significance level. 'T'hese differences indicate a potential selection 

bias if we only use PIN firms in the regressions and extrapolate the conclusions to average US firm. 
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I control for possible selection-bias using the Heckman (1979) two-step model. The first-step com- 

prises in estimating a probit regression on the likelihood that a firm has PIN estimates available in the 

previous year. As controls, I include analyst forecast dispersion, market capitalization, analyst cover- 

age, firm-age (defined as current year minus the first year of stock data available in CRSP), institutional 

ownership (fraction of the firm owned by institutional investors based on 13f Holdings data), number 

of institutional investors, the standard deviation of returns during the 200-day estimation period, aggre- 

gate stock market turnover and a dummy variable controlling for Nasdaq membership (based on CRSP's 

HEXCD variable). The second-step comprises of estimating the specification in Column (6) of Tables 

2.2 to 2.4, but now including the Mills ratio (A) as an additional variable to control for selection bias. 

In Panel B of Table 2.6,1 present the results for both steps. As expected, the likelihood of having PIN 

estimates available is positively related with size, dispersion, analyst coverage, firm age and the fraction 

of institutional investors' ownership. We also find that Nasdaq membership and the standard deviation 

of returns is negatively related to PIN-availability. The Pseudo-R2 of this regression is equal to 63.42°/a, 

displaying a good degree of explanation.. 

In the second-step, the statistical significance of the Mills ratio shows how selection-bias is an issue. 

However, all the signs estimated for PIN and dispersion remain significant and with the same signs as 

before. For example, when we compare the regression for the difference in stock turnover with the one 

estimated in Column (6) of Table 2.4, we can see that the estimated parameter for PIN decreases from 

0.368 to 0.327, while the coefficient for dispersion goes from -1.705 to -1.635. These estimates show 

that the results are not driven by sample selection. 

2.5.3 Additional Robustness Checks 

I now subject the results to a number of robustness checks to verify that they are not due to a particular 

sample or methodology I use. I repeat the analysis using quarterly earnings announcements, a different 

estimation-period window, raw turnover measures instead of log turnover and, finally, I split the sample 

in half. 

In Panel A of table 2.7.1 estimate regressions using quarterly earnings announcements, changing the 

estimation period window to [-30, -1 I. ] days before events to avoid overlaps with announcements in the 
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previous quarter. Using quarterly data increase the number of events and slightly decrease the number of 
firms in the sample. The parameters for PIN and dispersion are significant in all cases and yield similar 

qualitative results to estimates based on annual data. Most important for robustness, parameters for PIN 

and dispersion in the turnover differences regression (the "Diff' column) are remarkably similar to the 

ones estimated in column (6) of Table 2.4. 

In all previous regressions, I've used [-2,2] days around an announcement as the "Around" event- 

period. As an additional check., I re-estimate regressions using [-1,1 ] as the length of the "Around" 

period. Results, shown its Panel B of table 2.7, are broadly similar to the baseline regressions. 

Finally, I split the annual events sample in two halves: one with data from 1984---1993 and the other 
from 1994-2002. Results in Table 2.8 show that the significance of results comes mostly from the second 

half of the sample. The larger Res found for all three different dependent variables during the 1994- 

2002 period can be explained by greater attention being given to analyst recommendations following the 

spread of the Internet and improvements on how information is propagated across financial markets. 

2.6 Conclusion 

This paper examines turnover measures to quantify the impact of differences of opinion and information 

asynmetty on trading behavior. In particular, I try to explain why many firms have high turnover before 

earnings announcements relative to turnover at the time they are released. At first, this might seem 

puzzling, since risk-averse, uninformed investors would prefer to trade relatively more after the release 

of information, when they face a smaller probability losing money to investors with access to superior 

information. However, if investors disagree about the meaning of public information, their willingness to 

trade before announcements increases. This corresponds to the *'agreeing-to-disagree" assumption [see 

Harrison and Kreps (1978), Kandel and Pearson (1995) or Banerjee and Kremer (2005)] and I use it to 

explain the cross-sectional turnover differences, showing not only that levels but also the timing of trades 

are affected by disagreement in interpreting public information. 

I propose a rational-expectations model in which agents who receive private information of asymmet- 

ric quality trade a risky security before and after observing a public signal. I derive analytical formulas 
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for expected trading volume and show that higher dispersion increases expected aggregate turnover both 

before announcements and around them. An increase in information asymmetry decreases trading before 

announcements by uninformed investors, but the aggregate effect depends on how much extra trading 1 

soaked up by relatively better informed ones. After announcements, increases in asymmetry unambigu- 

ously decrease aggregate trading volume. 

Empirically, I use earnings announcements data of"US -firms to test predictions about stock turnover 

before and around announcements. I find that a one standard deviation increase in dispersion accelerates 

trading, reducing the difference between turnover around and turnover before announcements by 8.50%. 

A similar increase in PIN delays trading, raising the difference by 8.29%. Examining cross-sectional 

differences in turnover over time uncover patterns that must be explained by trading behavior models 

and provides researchers with a new way to test the usefulness of proxies for information asymmetry 

and differences of opinion.. Simply extending three-period volume models to incorporate differential 

interpretations of public signals (similar to Kandel and Pearson (1995)) cannot explain the time-series 

differences in turnover before and turnover around earnings announcements. 

My results provides new evidence that analysts' forecast dispersion is more closely related to dif- 

ferences of opinion [Diether, Malloy, and. Scherbina (2002)] rather than to a measure of fundamental 

uncertainty [Johnson (2004)] and are robust to the periodicity of announcements (quarterly or annual), 

sample periods and length of the "Around" announcements period window. 

The combination ofchanges in dispersion and information asymmetry help to explain why some 

stocks actually have higher abnormal turnover before announcements, a characteristic of about one third 

of events in my sample. Any model that attempts to explain trading volume must be able to explain these 

cross-sectional differences in turnover, on top of any explanation about trading levels, i. e. the timing of 

trades is also important. 
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Appendix 

Proof of Theorem 2. First-order conditions derived from equation (2.5) are: 
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Thus, prices at t=2 are given by: 

P2 = ýý 
[h, 
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Now, we plug these prices back in equation (A. 2) to get demands: 
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Proof of Theorem 3. By the properties of the log-normal distribution, the conditional expectation inside 

the brackets of equation (2.3.2) is given by: 
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In the expression above, we are only left with uncertainty from P2. Since agents are no longer myopic, 

different opinions about the public signal. make them. have different expectations about future prices: 

2 

A"miýl'; ý-1 
E2 

-P 

ea'p 
2 7r 

ri li 

I )7i l 
ý1.7, 

i-tq+hE 
([L-Ili)+(t-ti )F2) 

P, iý9 )- 

z biz; K. i, ttý:; i1 i)+,, t, Z, +[sjý1, +A2t2hsK2iP9) 
1 ýý. ýýIsz) 
2 hLKz; 

Y2 mm K i'h 

dYý . 

88 



Chapter 2-. 
- 
Trading Volume and Asymmetric Information 

with Kit =- Vor (X I Zz,, P1) = h_- -. +.. t, i + A2t`'hs. 

Omitting the terns unrelated to rra and P2 we see that the expectation is proportional to: 
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The integral in the expression above is a multiple of a cumulative normal density, with 
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analysis of optimal holdings at t= `l 
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liquidation value at t. = 1. 
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Thus, maximizing the objective function is equivalent to maximizing the exponent below: 
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Finally, to conclude the proof and show existence of equilibrium, it is easy to see that 
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Proof of Theorem 4. Change in holdings from t- (3 to t=1 equals to: 
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The expected change in holdings before the announcement is: 
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The variance is given by: 

ti Lý 1ý Ti ii 
ý or ýrrai 

- Irzöý A2 t; + ßa 1++ (t,, - t) Aths 
Ir. ý 

(A. 17) 

The change in holdings around the announcement equals to: 
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Before we compute the mean and variance, note that we can characterize price change and its mo- 
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Using these results we have: 

z PI )l (A. 22) 

K2 
I 

(A. 23) 

and 

(Tn. 
- mnil) = Var (A[-K2 p., - (1, i - t) (P`2 - h)]) (A. 24) 

\2 (t. 
- i) 2 VaT (.. 1 P- 

. 
1ý1) 

_ A2 (t, - t)2 [Var(E) + V'a. r(Pi) - 2G'ov (E. Pi)] 

z 2tn., \-(l+)2t1ls) 

, A2 
.;.... t)2 2 h, f,, , i, 

.tK, ... --. }ý 25 
{.... 

(i2) 2(A. 
\2J x,. hA- 

{-- 
7, - 5- ,\2 

  

Proof of Theorem 5. The derivative of trading volume before announcements with respect to belief /L,; 
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Now for the derivative of expected trading volume before announcements with respect to the preci- 

lion of public signals: 
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The sign of the derivative above depends on how the standard deviation of the change in holdings, 

Trill - ni, O, varies with t.;,. Below, I show that it is positive for all positive values of 1,, concluding the 

proof: 
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For trading around announcements, we use equation (A. 26) to show that: 
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Finally, the derivative with respect to tj is: 
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Proof of Theorem 6. An increase in dispersion that keeps fixed the average belief i is such that: 
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Combining equations (2.23) and (A. 34), the total differential of aggregate expected volume before 

announcements given a mean-preserving spread with respect to dispersion is given by: 
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For expected volume after an announcement we combine (2.25) and (A. 34) to obtain: 
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The proof for the derivative with respect to information asymmetry is computed in similar fashion. 

An increase in tt such average precision t is constant is given by: 
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Given an increase in tu, the total differential of aggregate expected volume after an announcement 

is: 
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Table 2.1: Descriptive Statistics 
This table reports descriptive statistics of annual earnings announcements in the 1984-2002 period on I BF S 
with available PIN estimates. Panel A lists firm characteristics, Panel B their correlations and Panel C statistics 
of turnover measures. PIN represents the probability of information-based trading. Dispersion is the standard 
deviation of analyst forecasts as a percentage of share price, Size reports statistics for average market capitalization 
in millions of dollars and Analysts represents analyst coverage. F(r) is the average percentage daily returns, cr(r) 
their standard deviation and Turnover daily percentage turnover during the period between I_ --NO and t=-i1 
days before the event. In Panel B, Coverage uses residual analyst coverage when computing correlations. In Panel 
C, I report statistics for Turnover transformed with the log(0.00I+x) function. Before represents abnormal trading 
during the [-10, -3] days period before the announcement, Around stands for the [-2,2] days period around the 

announcement and Difference is equal to (Around-.. Before). 

Panel A: Explanatory Variables 
Statistic PTN Dispersion Size Analysts E(r) a(r) Turnover 
Mean 0.171 0.56 3,441 12.25 0.085 2.473 0.341 

Median 0.166 0.21 959 10.00 0.088 2.137 0.262 
St. Dev. 0.055 1.22 9,832 8.19 0.337 1.385 0.294 

Skewness 0.66 5.13 10.10 1.. 00 0.21 3.04 3.38 
Kurtosis 3.93 32.61 167.50 3.47 13.21 25.84 22.71 

Min 0.000 0.00 6 3.00 -2.749 0.321 0.044 
Max 0.551 9.05 308,939 50.00 6.279 30.534 3.501 

Panel B: Correlations 
Corr(,, -, ) PIN Dispersion Size Analysts F(I) (T (r) Tunover 

PIN 1 
Dispersion 0.162 1 

Size -0.328 -0.100 1 
Analysts -0.411 -0.086 0.417 1 

L'(r) 0.004 -0.059 0.016 -0.025 1 

o(1°) 0.119 0.417 -0.099 -0.222 0.007 1 

Turnover -0.103 0.054 -0.022 0.045 0.010 0.408 1 

Panel C: Log turnover Measures 

Variable N Mean Median St. Dev. Skewness Kurtosis Min Max 

Estimation 20,403 -1.643 -1.604 0.802 -0.293 3.484 -4.034 1.028 

Before 20,403 -1.616 -1.580 0.899 -0,337 3.652 -5.440 1.541 

Around 20,403 -1.370 -1.346 0.938 -0.232 3.441 -5.269 2.073 

n; Pfý, -C>�(I ý W) 4M 0.245 0.215 0.549 0.338 4.509 -2.753 3.739 
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Table 2.5: Estimated Impact on Stock Turnover 
This table contains estimated changes in abnormal turnover measures given one standard deviation increases from 
the mean for PIN, analyst forecast dispersion and analyst coverage. Panel A contains results for turnover before 

announcements, Panel B uses turnover around announcements and Panel C the changes on the difference between 

average turnover after and before events. The sample is comprised by earnings announcements events from I/B/E /S 
in the 1984 2002 period for which there are PIN estimates available. Under column i3, I list the parameters in col- 
umn 6 from tables 2.2,2.3 and 2.4 for each respective variable, 1j displays means and a standard deviations. 0((T) 

shows change in terns of dependent variables' standard deviations, while A(`%0) changes in terms of percent- 
age changes with respect to the average of the dependent variable. LB and UB represent 95% lower and upper 
confidence intervals. 

Panel A: Turnover Before 
Variable 3 p. rr A((r) LB: 1(`/0) UB: A(%) 

PIN -2.045 0.171 0.055 -0.125 -6.98% -8.59% -5.36% 
Dispersion 8.599 0.006 0.012 0.117 6.49% 5.31% 7.67% 
Analysts 2.667 12.255 10.000 0.297 16.51% 13.72% 0.41% 

Panel B: Turnover Around 
Variable f3 a [1((ß) A(`I) LB: A(Yo) UB: A(`%; ) 

PIN -1.681 0.171 0.055 -0.099 -6.76% -8.70% -4.82% 
Dispersion 6.715 0.006 0.012 0.087 5.98% 4.53% 7.42% 
Analysts 2.540 1.2.255 10.000 0.271 18.54% 15.12% 0.41% 

Panel C: Turnover Difference 

Variable 
113 jr. (T A((7) -A (5) LB: -'ý 

('') UB: 0(W; ) 

PIN 0.368 0.171 0.055 0.037 8.29% 4.08°iä 12.50% 

Dispersion -1.705 0.006 0.012 -0.038 -8.50% -12.18% -4.83% 
Analysts -0.1.08 12.255 10.000 -0.020 -4.40% -10.00% 0.02% 
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Table 2.6: Testing for sample-selection bias due to PIN availability 
Panel A reports statistics of f rms with and without PIN estimates, using CRSP and I/B/B/S earnings announcements data 
between 1983-2002. The third column tests whether means are statistically significant. An `*' denotes significance at the 1% 
level. In Panel B, I report regression results based on the Heckman (1979) two-step model to account for sample-selection. 
The probit equation uses PIN-availability as the dependent variable. Age is based on the first year of stock data availability in 
CRSP, Dispersion is analysts' : forecast dispersion, Analysts is the number of analysts covering the stock, Inst. Ownership is the 
fraction of the firm owned by institutional investors based on I3f Holdings data, Number of Inst. is the number of institutional 
investors owners, Ln(Size) is the log of average market capitalization and a(ret) the standard deviation of return during the 
200-day estimation period. Specification under "Ilecknian model" use stock turnover measures as dependent variables and the 
inverse-Mills ratio (A) is computed from the first-step probit model. P-values are reported between brackets. 

Panel A: Differences between no-PIN and PIN firms 
No-PIN s ample PIN sample Difference in means 

Obs Mean Std. Dev. Obs Mean Std. Dev. No-PIN minus PIN 
Before 18,936 -1.17 1.26 19,690 -1.62 0.90 0.45* 
Around 18,938 -0.82 1.30 19,690 -1.37 0.93 0.55* 
Dif 18,936 0.35 0.74 19,690 0.25 0.55 0.10* 
Dispersion 18,938 0.59 1.30 19,690 0.56 0.01 0.04* 
Size 18,938 1,626 13,355 19,690 3,448 9,739 -1822* 

Panel B: Heckman two-step model 
Probit Model 
Dependent Variable DT'IN 

Heckman Model 
Before Around Duff 

Dispersion 13.644 IRE: et! 15.647 18.894 15.269 
[0.00] [0.00] [0.00] [0.00] 

Ln(Size) 0.163 IRet, i-mA: j 1 10.053 2.539 10.228 

[0.001 [0.00] [: 0.19-1 [0.00] 
Analysts ( 100) 1.762 PIN -2.190 -1.862 0.327 

[0.00] [0.00] [0.00] [0.00] 
Age 0.027 Dispersion 9.089 7.267 -1.635 

[0.00] [0.00] [0.00] [0.00] 
Inst. Ownership 0.479 Ln(Size) 0.004 -0.004 -0,009 

[0.00] [0.61] [0.57] [0.03] 
Number of. Inst. Investors -0.003 Analysts (-100) 2.652 2.522 -0.111 

[0.00] [0.00] [0.00] [0.12] 

Q(ret, ) -16.891 Constant -1.896 -1.719 0,196 
[0.00: [ [0.00] [0.00: [ [0.00] 

Market Turnover 1.867 A 0.174 0.216 0.048 
[0.00] [0.00] [0.00] [0.00] 

Nasdaq-listing -2.773 
[0.00] 

Constant -0.888 
[0.00] 

Obs. 38,093 38.101 38,093 38,093 

Pseudo R2 63.42% Adjusted R2 21.9811/o 21.61% 17.60% 

Year FE Yes Yes Yes Yes 
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Table 2.7: Robustness Checks - Quarterly data and Alternative Event Window 
This table rc-gress turnover measures on proxies for differences of opinion and information asylnrnetry, using 
earnings announcements data taken from I/B/E/S in the 1984-2002 period for which there are PIN estimates 
available. Panel A reports results using quarterly data, where "Before" uses turnover for the [-10, -3] period before 
announcements. "Around" uses the [-2,2] period around the event and "piff' equals Around-Before. In Panel 
B, I change the calculation of dependent variables and define "Before" as turnover for the [-10, -2] period before 
announcements and "Around" as [-1,1] days-period around the event, PIN is the probability of informed-based 
trading computed by Easley, Hvidkjaer, and O'Hara (2002), dispersion is analysts' forecast dispersion, TOI is 
the average absolute return during the estimation period, j1? ctAIj, tj the market's mean absolute return, Ln(Size) 
is the log of average market capitalization, Analysts is the number of analysts covering the stock and Ir(ret) the 
estimation-period average return. P-values reported between brackets in Panel A controls for heteroscedasticity 

using Froot (1989)'s adjustment and clustered at the firm level. In Panel B they are based on 500 bootstrap 

replications. 

Variable 
lPctl 

PIN 

Dispersion 

Ln(Size) 

Analysts 100) 

Constant 

Obs. 
I? 2 

N°. offir»>s 
Year I. )ummies 

Panel A: Quarterly Data 
Before Around Difk 
11.941 17.024 15.482 
[0.00] 1.. 0. ()()] [0.001 
8.642 3.242 8.102 
[0.00] [0.00] [0.00] 

-1.511 -1.225 0.269 
[0.00] [0.00] [0.00] 
22.155 18.748 -3.159 
[0.00] [0.00] [0.00] 

-0.030 -0,053 -0.025 
[ 0.01 ] [0.00 ] [c0.00] 
4.668 4.950 0.322 
[0.00] [0.00] [0.00] 

-1.699 -1.323 0.273 
[0.00] [0.00] [0.00] 
64.626 64,605 64,604 
22.06% 24.01% 18.02% 
2.589 2.589 2,589 
Yes Yes Yes 

Panel B: [-1,1 ] "Around" window 
Before Around Duff 
15.578 16.504 13.369 
[[0.00] [0.00.1 [0.001 
9.466 3.002 9.557 
[0.00] [0.09] [0.00] 

-2.037 -1.548 0.487 
[0.00.1 10.001 1[. 0.00] 
8.624 6.157 -2,189 
[0.00] [0.00] [0.00] 

-0.008 -0.026 -0.020 
[ 0.55] [0.07: J [0.001 
2.657 2.568 -0.050 
[0.00] [0.00] [0.52] 

-1.961 -0.374 0.387 
[0.00] [0.00] [0.00] 
19,945 19,857 19,857 

21,93% 22.69% 17,75", o 
2,704 2.701 2,701 
Yes Yes Yes 
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Table 2.8: Robustness Checks - Split Sample 
This table regress turnover measures on proxies for differences of opinion and information asymmetry, using 
annual earnings announcements data taken from I/B/E/S in the 1984 2002 period for which there are PIN estimates 
available. Panel A shows results for the 1984-1993 period, while Panel B uses data from 1994-2002. "Before" uses 
turnover for the [-I. 0, -3] period before announcements in excess of mean turnover calculated for the estimation- 
period. "Around" uses the [-2,2] period around the event and "Diff" equals Around-Before. PIN is the probability 
of informed-based trading computed by Easley, Hvidkjaer, and O'Hara (2002), dispersion is analysts' forecast 
dispersion, JRet is the average absolute return during the estimation period, ji? et jýfk, 

j the market's mean absolute 
return, Ln(Size) is the log of average market capitalization, Analysts is the number of analysts covering the stock 
and p(rel) the estimation-period average return. P-values reported between brackets controls for heteroscedasticity 

using Froot (1989)'s adjustment and clustered at the firm level. 

Variable 
Ret 

I Ret: tl kt 

PIN 

Dispersion 

Ln(Size) 

Analysts (- 100) 

Constant 

Obs. 

r; 2 
N°- of firms 

Year Dummies 

Panel A: 1984-1993 
Before Around Diff 
17,884 20.115 18.353 
[0.00] [. 0.00[ [0.001 
16.283 6.852 16.118 
[0.00] [0.00] [0.00] 

-2.048 -1.854 0.206 
[0.00] [0.00] [0.17] 
9.071 7.785 -1.207 
[0.00] [0.00] [0.00] 

-0.039 -0.048 -0.012 
[0.04: [ [0.02] [0.141 
2.752 2.565 -0.165 
[0.00] [: 0.0(): l [0.12] 
-1,776 -1.669 0.106 
[0.00] [0.00] [0.11 ] 
9,420 9,413 9.413 

16.10% 15.70% 17.36% 
1,649 1.649 1.649 
Yes Yes Yes 

Panel B: 1994-2002 
Before Around Diff 
14,003 18.433 13.763 
[0.00] 1.0.00) [0.00] 
1.762 -1.607 5.580 
[0.54] [0.57] [0.00] 

-2.029 -1.523 0.508 
[0.00] [0.00] [0.00] 
6.201 2.489 -3.371 
[0.00] [0.12] [0.00] 
0.004 -0.010 -0.016 
[0.78] [0.52] [0,01 

.1 2.889 2.828 -0.027 
[0.00] [0.00] )0.77. ) 

-0.81.1 -0.863 0,238 
[0.00] [0.00] [0.00] 
10,525 10,524 10,524 

21.48°iä 22.46% 18.67% 
2,326 2,326 2,326 
Yes Yes Yes 
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T=l T=2 T=3 

" Agents observe private 
signals of different qualities: 

Z, =V+e, 
S w(0>t; 

" Firm announces release of 
information at t=2: 

E=. Y+v 

" Agents disagree on 
interpretation of public 
information: 

v-N(u,, hE`) 

-Asset is in random supply: 
S- N(0, h. s') 

" Public signal 
is released 

" Asset is 
liquidated: 

X- A' (X, h; ') 

Figure 2.1: A summary of the time line of events in the model. 
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Figure 2.2: Abnormal Stock Turnover around Earnings Announcements 
This graph shows abnormal turnover of earnings announcements events in the 1984-2002 period from the I/B/E/S 
database. Abnormal turnover is defined as the difference between daily turnover and the estimation-period average. 
The estimation-period comprises t=-80 to t=-1 1 days before the event. Turnover measures are winsorized at the 
1% level. The sample is split between firms with and. without estimates for the probability of information-based 

trading (PIN). 
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Chapter 3 

Price Efficiency and Short-Sale 

Constraints 

3.1 Introduction 

Price efficiency is defined as the degree to which stock prices reflect all available information, both 

timely and accurately. This paper studies whether short-sale constraints affect the efficiency of stock 

prices around the world. We use a dataset collected from several custodians, with over 85.7 million 

lending supply postings and 46.4 million lending transactions from January 2004 to June 2006. This 

information is available for 17,015 individual stocks in 26 markets and covers lending supply and actual 

lending transactions of more than 90% of global stocks in terns of market capitalization. For each of 

these stocks and. for each week in our sample, we compute two measures of short-sale constraints: the 

supply of shares available for short-selling and the borrowing fee. Our main findings are as follows. First. 

short-sale constraints are associated with lower price efficiency. Stocks with limited lending supply and 

high borrowing fees respond more slowly to market wide shocks. Second, short-sale constraints affect 

the distribution of weekly stock returns. A limited lending supply is associated with higher skewness. but 

not with kurtosis and less frequent extreme negative returns. The observed relationship with skewness 

seems to come, if at all, from changes in the frequency of large positive returns rather than in the fre- 

quency of large negative returns. This mitigates regulatory concerns that removing short-sale constraints 
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increases the frequency of crashes at the stock level. Third, stocks with limited lending supply and higher 

borrowing fees are associated with lower Res on average. "This finding challenges the view that low Res 

are associated with higher price efficiency [Morck, Yeung, and Yu (2000) or Bris, Goetzmann, and Zhu 

(2006)]. 

The impact of short-selling on price efficiency still remains an open question. Fears that it was 

one of the factors behind the crash of 1929 prompted the SEC to adopt short-sale restrictions under the 

Securities Exchange Act of 1934. Since then, the SEC and the US Congress have regularly released 

reports on short-sales and their impact on stock prices. In 2004, the SEC proposed changes in regulation 

to relax short-sale constraints, launching a pilot program to evaluate their effects. The Pilot Program 

began on May 2,2005 and was scheduled to end on April 28,2006 but the SEC decided to extended it 

to end in August 6,2007. 

"The Pilot will enable us to obtain empirical data to help assess whether short sale regu- 

lation should be removed, in part or in whole, for actively-traded securities, or if retained, 

should be applied to additional securities. (... ) Re will examine, among other things, the 

impact of price tests on market quality (including volatility and liquidity), whether any price 

changes are caused by short selling, costs imposed by a price test, and the use of alternative 

means to establish short positions. " Securities Exchange Act Release No. 50104 (July 28, 

2004) 

The statement above highlights the importance of empirical work studying the impact of short-sale 

constraints on price efficiency. Our paper contributes to the literature by investigating the effects of stock 

lending supply and borrowing fees on stock price efficiency across the world. 

Our analysis proceeds as follows. We begin by constructing two measures of short-sale constraints: 

the supply of shares available for lending and the borrowing fee. The availability of stock-level infor- 

ination on short-sale constraints enables us to control for any effects on price efficiency that come from 

differences across countries in the regulatory environment. financial development, or income levels. To 

the best of our knowledge, this paper is the first to test the impact of short-sales constraints for such 

a wide range of stocks at the security level. We estimate panel regressions to explain cross-sectional 

110 



Chapter 3: Price Efficiency and Short-Sale Constraints 

differences in price efficiency using both stock lending measures as proxies for short-sale constraints. 

Our dependent variables comprise various proxies of price efficiency previously used in the literature. 

First, we use the correlation between contemporaneous stock returns and lagged market returns [Bris, 

Goetzmann, and Zhu (2006)]. Ranking stocks by lending supply, we find that the lowest decile of firms 

has a 45%, expected difference with respect to the top decile due to differences in lending supply and 

borrowing fee. 

Then, we consider the three measures of stock price delay used by I-Iou and Moskowitz (2005). 

We estimate a regression of weekly stock returns on the contemporaneous returns of a world index, a 

domestic index and four lags of the domestic index. We then re-estimate this equation imposing the 

constraint that coefficients of lagged domestic returns are zero. The first delay measure (Dl) compares 

the difference in R2s from these two regressions, with higher values of Dl implying that a stock has 

higher delay in responding to new market information. Other variations of the delay measure yield the 

same result: lower lending supply and higher borrowing fees are associated with smaller efficiency of 

stock prices. 

A third measure of efficiency is the R2 of a market model regression. This measure has gained 

considerable support in recent years as a proxy for efficiency [e. g. Morck, Yeung, and Yu (2000), Durnev, 

Morck, and Yeung (2004), Li, Morck, Yang, and Yeung (2004) and Bris, Goetzmann, and Zhu (2006)]. 

Our main contribution to this debate is to show that, at the security-level, the evidence in the data supports 

the view that price efficiency is associated with higher Res. We find that stocks in the upper decile of 

lending supply have R? s which are more than 60% larger than those of stocks in the lower decile, 

consistent with results found by Kelly (2005), Hou, Peng, and Xiong (2006) and Teoh, Yang, and Zhangg 

(2006). This is opposite to the evidence found by Bris, Goetzmann, and Zhu (2006) at the country-level 

and suggests that great care should be taken when using firms' R2s as a measure of efficiency. It seems 

that the changes due to fewer short-sale constraints affect Res in the opposite direction to that caused by 

increases in the efficiency of corporate investment [Durnev, Morck, and Yeung (2004)] or transparency 

[Jin and Myers (2006)]. 

We also compute various characteristics of the distribution of stock returns to test whether short-sale 

constraints increase the likelihood of crashes: skewness of weekly stock returns, kurtosis. the frequency 
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of large negative returns, and the frequency of large positive returns. Similar to Br s, Goetzmann. and 
Zhu (2006), the frequency of large negative returns is computed as the proportion of returns that are two 

standard deviations below the previous year's average. Ranking stocks by lending supply, the difference 

in raw skewness explained by lending supply between firms in the bottom and the top decile is 98%, with 

the actual value for firms in the bottom decile equal to 0.34 and in the top decile equal to 0.02. We also 

find that kurtosis is bigger for firms with more limited supply and higher borrowing fees. However, we 

cannot find significant differences in the frequency of large negative returns based on these two proxies. 

All these effects are economically large and allow us to conclude that short-sale constraints hinder 

price efficiency, but do not affect the frequency of stock price crashes. These findings can be used 

to reduce regulatory concerns that removing short-sale constraints makes prices more efficient at the 

expense of increasing the frequency and severity of crashes at the stock level. The conclusions hold for 

US and non-US firms, for different time-periods and they are robust to controls for firm size. leverage, 

liquidity and whether a firm has American Depositary Receipts (ADRs) or Global Depositary Receipts 

(GDRs) issued in the US or the UK respectively. The results are also robust to measurement errors in 

our short-sale constraints measures and to alternative specifications of lending supply an borrowing fee. 

Furthermore, results remain the same when we focus on US firms, adding turnover, ILLIQ (Amihud 

(2002)'s proxy for liquidity) and a dummy for whether options are available as additional variables. 

The rest of the paper proceeds as follows. Section 2 contains a review of the literature. Section 

3 describes our hypotheses and the measures of price efficiency. Section 4 describes the data and our 

measures of short-sale constraints. Section 5 reports our empirical results. Finally, section 6 concludes. 

3.2 Literature Review 

It is generally accepted that short-sale constraints affect the efficiency of security prices [e. g. Miller 

(1977), Diamond and Verrecchia (1987), Dulfie. Garleanu, and Pedersen (2002) and Bai, Chang, and 

Wang (2006)]. The main conclusion is that prices may no longer incorporate all available informa- 

tion whenever agents have heterogeneous beliefs, but are prevented from fully reflecting their beliefs on 

prices. Miller (1977) argues that short-sale constraints keep pessimistic investors out of the market, cau- 
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ing prices to be biased upwards because they only reflect the valuations of the more optimistic investors 

who trade. Diamond and Verrecchia (1987) develop a model in which short-sale constraints eliminate 

some informative trades. Prices are not biased upwards, but become less efficient when restrictions are 
in place, as they reduce the speed of adjustment to private information. Duffie, Garleanu, and Pedersen 

(2002) develop a model in which search costs and bargaining over borrowing fees generate endogenous 

short-selling constraints and affect asset prices. In our case, the supply of shares available for lend- 

ing could be interpreted as a proxy for the cost of searching. In a recent paper, Bai, Chang, and Wang 

(2006) show that short-sale constraints can actually lower asset prices and make them more volatile. This 

happens because the loss in the informativeness of prices due to fewer informed investors increases the 

amount of risk borne by uninformed investors, who require lower prices as compensation to bear extra 

risk. Thus, regardless of whether short-sale constraints have positive or negative impact on prices, these 

papers imply that these constraints reduce the informational efficiency of prices, i. e. they do not reflect 

all available information. 

Empirical evidence of the impact of short-sale constraints on price e iciency is mostly concentratesl 

on US stocks. High short interest (i. e., high number of stocks sold short as a fraction of total shares 

outstanding) is generally interpreted as evidence of short-sale constraints and many papers show that 

stocks with high short interest exhibit lower subsequent returns. '. D'Avolio (2002) describes the market 

for borrowing and shows that the cost of short-selling a stock is high exactly at times when investor 

disagreement is also high, indicating that prices will not fully reflect negative information. Similarly, 

Reed (2003) studies rebate rates in the equity lending market as a proxy for short-sale constraints and 

shows that stock prices are slower to incorporate information when borrowing fees are high. However, 

most of these papers rely on indirect measures of short-sale constraints or a very restricted sample of 

lending data. An important benefit of our measures is that they can avoid these shortcomings. For 

instance, high. short interest might be due to increased borrowing demand reflecting investors' negative 

views about the stock that are unrelated to short-sale constraints, or be due to a fall in the supply of 

shares available for lending resulting in short-sale constraints. We estimate short-sales constraints by 

using the supply of shares available for lending and the borrowing fee. Furthermore, previous studies 

'Figlewski and Webb (1993), Desai, Ramesh. Thiagar ]an, and Balachandran (2002) Asquith, Pathak, and Ritter (2004), 

Diether, Lee. and Werner (2005), Boehmer, Jones, and Zhan- (2006). Boehmne, Danielsen, and Sorescu (2006) and Cohen. 

Diether, and Malloy (2006) 
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which use borrowing fees are all based on data from a single custodian. Custodians provide various 

services to prime brokers and have different pricing strategies. Thus, data from a single custodian may 

not be representative of the average lending price. '- Our data contains information from more than 10 

custodians and therefore allows us to compute representative estimates of the average borrowing fee. 

International evidence on the relationship between short-sale constraints and price efficiency is rare 

due to the difficulty in obtaining good proxies for short-sale constraints, especially at the security level. 

One exception is Bris, Goetzmann, and Zhu (2006), who use regulatory information on whether short- 

selling is prohibited. or practiced in 46 different countries. They conclude that stock prices in countries 

with constraints in place are less efficient than those where investors are allowed to short stocks. How- 

ever, since their proxy is only measured at the country-level, they are unable to perform extensive test,, 

for individual securities and control for country differences. At the security level, Chang, Cheng, and Yu 

(2006) focus on regulatory restrictions to short-sell individual stocks in Hong Kong and find that con- 

straints tend to cause overvaluation and this effect is more dramatic for stocks with wide dispersion of 

investor opinions. We contribute to the literature on price efficiency in international markets by showing 

that the negative relationship between short-sale constraints and price efficiency is pervasive across the 

world, using a very direct measure of short-sale constraints. 

Our paper is also related to the literature about the RI of a market-model regression and its use as a 

measure of efficiency [e. g. Roll (1988)]. Morck, Yeung, and Yu (2000) document how stock markets in 

poor countries have higher Res relative to rich ones and show it can. be explained by the fact that there 

are better property rights in richer countries. Jin and Myers (2006) advocate that this is caused by a lack 

of transparency in poorer countries. When cash flows are better than outside investors' expectations, firm 

insiders can capture a higher proportion of cash flows. If cash-flows are below outsiders' expectations, 

they are forced to reduce this capture to keep running the firn. This increases the proportion of idiosyn- 

cratic risk bonne by insiders, leaving outside investors subject to relatively more systematic risk. Bris, 

Goetzmann, and Zhu (2006) use this evidence to claim that higher idiosyncratic risk is associated with 

hi, her price efficiency, implying that Firms with more short-sale constraints should have higher Rý's. 

"The average coefficient o( variation of the borrowing tee for a given stock at a given point in time is about 0.5. 
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Our findings contradict this conjecture, as we find a negative relationship between short-sale con- 

straints and Res. More specifically, a higher supply of shares and low borrowing fees are associated with 
high Res. Our results are in 

. 
fact consistent with West (1988), who shows that the volatility of stock 

returns decreases as information about future cash-flows is incorporated more quickly into prices. News 

affecting these future cash-flows are factored into prices relatively earlier, leading investors to update 

their beliefs sooner. This earlier updating makes the affected cash-flows to be divided by a larger dis- 

count factor, reducing idiosyncratic volatility as a consequence. Our empirical results for Res are similar 

to US-based evidence found by Kelly (2005) using the breadth of ownership [Chen, Hong, and Stein 

(2002)] as a proxy for short-sale constraints. In a recent paper Teoh, Yang, and Zhang (2006) show that 

financial anomalies (e. g., accruals and post-earnings announcement drift) are more pronounced for firms 

with low Res. I-{ou, Peng, and Xiong (2006) also provides evidence that Res are negatively related to 

price momentum. The conflicting evidence from these papers casts doubt on whether a lower proportion 

of idiosyncratic risk relative to total risk is indicative of price efficiency in all cases. 

3.3 Hypotheses and measures of price efficiency 

Based on Miller( 1977), Diamond and Verrecchia (1987), Duffie, Garleanu, and Pedersen (2002) and Bai, 

Chang, and Wang (2006), our main hypothesis is that short-sale constraints decrease the information con- 

tent in stock. prices. In order to test this hypothesis we construct novel measures of short-sale constraints 

and use then to explain various proxies for efficiency that have been proposed by the literature on price 

efficiency. 

The first measure of price efficiency is the cross-correlation between current stock returns and tagged 

domestic market returns [Brix, Goetzniann, and Zhu (2006)]. In a given year, we compute C'orr(v't, t, 

the correlation between weekly stock returns at time t and domestic value-weighted market 

returns at time t 1. However, this measure does not capture any correlation that T j. and r�L,, _1 miýýht 

have with other omitted variables. 

The second set of price efficiency measures addresses this concern and are based on Hou and 

Moskowitz (2005). The idea behind these measures is that if investors cannot fully incorporate infor- 
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oration in today's stock prices, they will defer their actions such that this information is only gradually 

reflected in prices. The price response delay is measured from a market model regression extended 

with. lagged returns of a domestic market index. The larger is the explanatory power of these lags, the 

higher is the delay in responding to information. Based on this idea, Hou and Moskowitz (2005) propose 

three different measures of price delay and apply them to evaluate frictions in the US stock market. For 

each stock in a given year, we estimate a repression of the stock return in week t. on the value-weighted 

domestic index returns and its lagged values up to four periods ago plus the world index return: 

4 

+ 131 } Vrn. t: di -71ý f: -ra 
+ 

rI=1 

where r;. t represents returns of stock i in week t, r, n f_, z the corresponding value-weighted domestic 

market return in week t and rý,.,,, t represents the returns of the value-weighted world index in week t. 

All returns are expressed in terms of the domestic currency. We focus on the impact of domestic market 

news and only use lags of the domestic index. 

The first delay measuure, D1 compares the fraction of variability in stock returns that is due to lagged 

market returns, by comparing the R2 from the regression above with the one when coefficients on lagged 

market returns, 6; ( rr. ), are constrained to zero. 

I, 
a) 

(3.2) 
Rý 

The larger is this measure, the greater is the variation in stock returns captured by lagged market returns, 

implying a higher price delay to market information. However, DI does not take into account the pre- 

cision or magnitude of lagged market returns coefficients and therefore we also compute two additional 

delay measures: 

D21 = 
71=1 

4 
E 

n- ý. 

(3.3) 
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1 
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(3.4) 
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n.. =. 

where se(. ) denotes the standard error of the estimated coefficient. These measures capture the magni- 
tude of the lagged coefficients relative to the magnitude of all coefficients. We use the absolute values 

of each coefficient., since price efficiency is reduced when they are different from zero regardless of their 

estimated signs. Iou and Moskowitz (2005) report that most coefficients estimated in their sample are 

either zero or positive for the portfolios they construct. They also state that results are the same when 

they use the absolute value of coefficients instead. In our case, it is crucial that absolute values are used 

to compute the delay measures. 

A third type of price efficiency measure, which has gained support in recent years, is the R2 of a 

market model regression. Morck, Yeung, and Yu (2000) document that stocks in poorer economies Im c 

less idiosyncratic risk (i. e., higher R2) than stocks in rich countries and show how measures of property 

rights can explain this difference, conjecturing that stronger property rights result in relatively more 

firm-specific variation in stock prices. Jin and Myers (2006) suggest that country differences in R2s are 

caused by lack of transparency, which limits the ability of. -outside investors to monitor firm insiders. Their 

interpretation is that more opaqueness shifts firm-specific risk from outsiders to insiders, increasing Res. 

The results that lower Res are associated with better governance and higher transparency underlies Faris, 

Goetzmann, and Zhu (2006)'s hypothesis that short sales constraints lead to higher Res. They construct 

a dummy variable, based on market regulatory information and interviews with government officials. 

indicating whether short-selling is allowed and practiced in a given country in a given year. They show 

that countries where short sales are allowed and practiced have smaller R2s. However, since they only 

use country-level measures of short-sale constraints, it might be the case that their dummy variable is 

picking up correlation from an unknown omitted countiy-specific variable. Contradictory evidence to 

their result can be found in Kelly (2005). He shows that US firms with low Res tend to have tighter 

short-sale constraints, measured by changes in the breadth of institutional ownership proposed by Chen. 

Hong, and Stein (2002). He also finds that firms with higher bid-ask spreads, sensitivity to past market 

returns and liquidity also have lower Res. Given this evidence that associates low Res with characteristics 
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of stocks generally assumed to be less rather than more efficient, it is still an open question whether high 

or low Res indicate price efficiency. 

Although most researchers would agree that relaxing short-sale constraints increases the speed upon 

which prices reflect information, it is still relevant from a policy perspective to test whether relaxing 

them makes extreme negative price fluctuations more likely. Regulators might not be willing to relax 

short-sales constraints if that is the case. We use three measures to investigate these claims: skewness, 

kurtosis, and Frequency of extreme returns. 

Negative skewness means that the left tail of the return distribution becomes fatter. Diamond and 

Verrecchia (1987) hypothesize that short-sale constraints should make returns less negatively skewed. 

Hong and Stein (2003) argue that short-sale constraints are positively related to skewness through the 

following mechanism: if constraints are relaxed, more pessimistic investors re-enter markets to trade 

on their beliefs and this increases the likelihood of negative returns. Our hypothesis is that whenever 

short-selling is easier, prices reflect bad news more quickly, increasing the likelihood of observing large 

negative returns. We compute skewness using two different return measures. First, we take weekly 

returns and compute their skewness for each firm-year in the sample. Second, we estimate a market- 

model equation with the domestic and the world. index returns as factors and compute the skewness of 

the residuals generated by this regression. 

Short-selling has been blamed as a contributing factor to many crashes in the past, from the 1929 

market crash to the Black Monday in 1987 [for further analysis refer to Lamont (2003)] to the 1997 

Asian crises. Thus, research on whether the frequency of extreme negative returns decreases with short- 

selling constraints is very important to regulators. To further investigate how these constraints affect the 

distribution of returns, we compute kurtosis and the frequency of weekly returns that are two standard de- 

viations below (and also above) the average for the previous year. Combining the results from skewness, 

kurtosis, the frequency of extreme negative returns and the frequency of extreme positive returns allo\\ 

us to disentangle which part of the distribution of returns (i. e., extreme negative or extreme positive), if 

any, is being affected by short-sale constraints. 

A. concern that must be addressed is the causality of the relationship. Our main hypothesis is that 

inefficiency is caused by more stringent short-sales constraints, however it is not possible rule out the 
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reverse order of causality, i. e., it could be the case that inefficient stocks drive investors away from the 

lending market, reducing lending supply and increasing bon owing fees. We attempt to mitigate these 

fears by performing robustness tests using lending supply and borrowing Fees lagged by one year. Our 

findings are unaltered and reinforce our claim that price efficiency is reduced when investors face more 

short-sale constraints. 

3.4 Data Description 

This section describes the data used to test our hypotheses. We start by describing our stock lending data 

and our measures of short-sale constraints, followed by the returns data collected to estimate the price 

efficiency measures and the variables used to control for other factors which might affect the results. 

3.4.1 Stock lending data 

The stock lending data come from Data Explorers Limited, which collects this information from a sig- 

nificant number of the largest custodians in the securities lending industry3. The data comprise weekly 

security-level information on the value of shares available for lending and actual lending transactions for 

equities from all over the world. It begins in January 2004 and ends in June 2006, with coverage growing 

rapidly during the sample period. In 2004 it contains information from 11 custodians, increasing to 15 in 

2006. Overall, the data set has a total of 85.7 million lending supply postings and 46.4 million lending 

transactions. 

Figure 3.1 shows that the total value of supply in the dataset has grown from USD 1. trillion in January 

2004 to about USD 5 trillion in June 2006.4 

Implied fee 

Each stock lending transaction comes with information on the borrowing fee and the currency used. 

Fees can be divided into two parts depending on. the type of collateral used. If borrowers use cash as a 

3This includes ABN Amro, Mellon, and State Street among others. which we cannot name due to a confidentiality agreement 

with Dataexplorer Ltd. 
4The dataset is on monthly frequency until July 2004 and becomes weekly thereafter. 
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collateral - the dominant form in the US - them the borrowing fee is defined as the difference between 

the risk fi-ee interest rate and the rate paid for the collateral. If instead the collateral is non-cash then the 

fee is negotiated between the borrower and the lender and defined directly in basis points per year. This 

can be expressed by the following equation: 

Fee,, ,, if non-cash collateral Borrowing Fee7ý., i, t (3.5) 
Riskfree rater --- Rebate rate, -L. i. t if cash collateral 

where n denotes transaction, i stands for security and 1, denotes the week in which the transaction appears 

in. the dataset. Loans can further be divided into two categories: open-terra and fixed-tern. Open-term 

loans are renegotiated every day, but fixed-term ones have predefined maturities. The overnight risk-free 

rate for the collateral currency is used for open-term loans. The Fed Open rate is used. for loans with cash 

collateral denominated in 'US dollars and the Euro Overnight Index average (EONIA) is used for the 

ones denominated in F.., uros. The risk-free rate proxy for other currencies is the overnight rate at London 

Interbank market (LIBOR) and local money market rates for smaller currencies. Linear interpolation 

of LIBOR rates is used for fixed-term loans in accordance with conventions in the securities lending 

industry. 5 
. 

The borrowing fee is weighted by loan amount using the following equation: 

Borrowing Fee/. t 
n. --l. 

Loan arnount,,., i, t 
Ali, 

Loan amount,,,,,, t. 
ri. =1 

Implied Fee, 
z. ia (3.6) 

where Ti, denotes transaction, i stands for security, t denotes the week. in which the transaction appears 

in the dataset and _T,. is the total number of outstanding transactions for security i in week t:. Value 

weighting is used to limit the influence of small and expensive transactions on the average borrowing fee 

estimate'. 
'ln unreported regressions eve find that our results are even stronger if we use the reported reinvestment rate instead of the 

risk-free rate 
('Unreported results show a negative relationship between borrowing fee and transaction size. 
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Figure 3.2 plots the distribution of yearly value-weighted borrowing fees. The figure shows that fee 

levels vary considerably between stocks, with close to 60% being below 60 bps per year. These stocks 

are often referred by practitioners as "general collateral". However, in 30% of the cases the [cc is above 

100 bps, which are referred to as "specials". Furthermore, in 5% of the cases the borrowing fee reaches 

levels above 400 bps. Thus, short-selling stocks can be constrained due to high borrowing fees even 

though stocks are registered in countries that allow short sales. 

We also need to be careful in controlling for a widespread practice in the securities lending industry. 

The transfer of stock ownership during dividend-payment periods to investors with favorable dividend 

tax legislation is a very common reason for stock lending [e. g. McDonald (2001), Rydgvist and Dai 

(2005) and Christoffersen, Geczy, and Musto (2006)1. This is generally referred to as "tax-arbitrage" 

and the gains from this type of transactions are shared through an increase in borrowing fees. Thus, fees 

during these periods are not representative of a general lending price for a given security. Figure 3.4 

shows both the increased borrowing fees and. lending volume during dividend-payment periods for all 

the dividend-paying stocks in our sample. The average increase in fee is around 40% and the average 

iiicrease in utilization (amount on loan divided by supply) is about 20%. We control for this by excluding 

all transactions that are less than three weeks away from the week: dividends are paid from our borrowing 

tee estimates. 

Supply 

Reported supply by custodians equals the value of shares available for lending at a given point in time. 

Since the dataset is growing extensively over time, this figure has an upward drift for almost all securities. 

In order to control for this growth over time, we define lending supply for security i as the fraction of 

stock lending supply with respect to market capitalization and then divide it by aggregate supply of shares 

available For lending in a given week: 

supplyi. f = 

supply,., 
Market Capitali2ationf 

(3.7) 
Aggregate Supply,. 
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where i denotes stock and t stands for week. In the robustness section, we also show that results still hold 

if use the residual supply from a regression of supply on market capitalization. For ease of interpretation, 

Figure 3.3 shows the distribution of supply as a fraction of market cap for the week ending on June 

28.2006. As in the previous figure on the borrowing fee distribution, we observe great variation in 

lending supply, even though these stocks do not have any regulatory constraints on being sold short, 

highlighting the usefulness of our measures to pin down how short-sale constraints affect price efficiency 

on an individual stock level. 

Because our regressions are based on price efficiency measures computed at the yearly frequency, we 

use averages of weekly measures for borrowing fees and supply within a year. Finally, we take the natural 

logarithm of supply and winsorize the borrowing fee at O. 5%, to limit the effect of large observations. 

Determinants of lending supply, borrowing fees and utilization 

Table 3.1 contains descriptive statistics for the stock lending database. The number of stocks covered 

by the dataset is representative of the world market both as a percentage of market capitalization and 

as a percentage of the number of stocks. For example, the supply data covers more than 92% (93%) 

of the market capitalization of the US (UK) stock market. More than 70% of the total number of firms 

listed on Datastream are covered in our sample, with a bias towards large firms. When we examine the 

statistics of firms with lending transactions, there is a negligible decrease in coverage as measured by 

market capitalization and a moderate one measured by the proportion of shares. The average proportion 

of shares lent out in the US is about 3% of market capitalization, but with a high standard deviation of 

4.46%. The average borrowing fee charged to borrow US shares is close to 100 basis points per year, but 

this fee is very volatile in the cross-section, having a 200 basis points standard deviation. US stocks in 

our sample have a larger lending supply and are more expensive to borrow than those used by D'Avolio 

. (2002), who uses data by a single custodian i: rom April, 2000 to September, 2001 

In order to shed more light on how our main explanatory variables are related to firm and country 

characteristics we show a multivariate analysis in Table 3.3 with country fixed-effects. Firms that cross- 

list abroad, have high. book to market ratios, and lower leverage tend to have higher supply and smaller 

lending fees. Lending supply is also related to market capitalization, with larger firms exhibiting higher 
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supply than smaller ones. We control for this effect by using market capitalization as a control variable 
in all of our regressions. Furthermore, liquid stocks are easier to locate and less expensive to borrow 

compared to illiquid ones. 

We also included data on ownership from Datastream to further investigate how our proxies for short- 

sales constraints are related to stock ownership. Each measure shows the proportion of the firm owned 
by a different type of shareholder. First, we find that employee/family ownership has a negative effect on 

supply. 7 For example Vanco, a UK based technology company, is largely owned by its employees and 

has only 6.1% of market capitalization available for lending compared to . 
13.5% for the UK market in 

general. Employees keep their stock holdings in private accounts that are generally not big enough to be 

included in securities lending programs by custodians. We also find that government ownership reduces 

the lending supply. An example is The Mass Transit Railway Corporation (MTRC) listed in Hong Kong. 

This company was privatized in 2000, but the government still owns 76% of the shares. Only 0.17%, of 

its shares is available for lending, compared to the market average in Hong Kong of 3.7%. Governments 

dislike losing their voting rights in exchange for a few extra basis points, not to mention the bad signal 

sent to markets in case the shorting demand increases. 

Long-term holding of investment companies is associated with higher supply and lower borrowing 

fees. This is logical, since investment companies often have the infrastructure to lend out securities and 

generally try to earn extra basis points by doing so. This category includes many investors who are unable 

or unwilling to short-sell (e. g. passive index. finds) and that can generate extra gains by lending stocks in 

their portfolios. This makes them large suppliers of shares for lending (D'Avolio (2002)). Surprisingly, 

pension fund ownership is not related to lending supply or borrowing fees, however this can be explained 

by the fact that many institutional investors allocate their funds through investment companies. Another 

potential explanation is that company pension funds are often not big enough to participate in lending 

programs and are turned down by custodians unless their portfolios are sufficiently large. Finally. cross- 

holdings are negatively related to supply. This is often due to subsidiary companies, which are almost 

solely owned by the parent company with very little free float and supply of shares available for lending. 

For example, 96.5% of the shares in SAP System Integration AG are held by their parent companies 

Datastream aggregates holdings by family owners and firm employees under the sane variable (N'OSHEM). 
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(SAP Deutschland AG & Co. KG and SAP AG) and only 0.02% of market capitalization is available for 

lending. 

3.4.2 Other variables 

We obtain weekly stock returns, market capitalization, currency and interest rates from Datastream. 

Leverage and book-to-market ratios are computed by matching accounting data extracted from Compu- 

stat Global. Accounting data are only available for a subset of firms and thus, we perform the analysis 

on samples with and without accounting-based controls. We construct dummy variables to control for 

cross-listing from various sources. Information on American Depositary Receipts (ADRs) comes from 

the Bank of New York and JP Morgan's websites and from CRSP tapes. Information on Global Deposi- 

tary Receipts (GDRs) is taken from the London Stock Exchange Website. 

In Table 3.2, we present summary statistics for the measures of price efficiency and other variables 

of interest for our analyses. Panel A has data for firms with accounting information available from 

Colnpustat Global, while Panel B repeats the calculations using all available shares. The average yearly 

R2 in our larger sample equals 18.94% a year, which is similar to the values documented by Campbell, 

Lettau, Malkiel, and Xu (2001) for US-based stocks. The average correlation between contemporaneous 

weekly returns and. lagged market returns is 2.80%. Stock returns are highly skewed to the right, with 

mean skewness equal to 0.096, similar to Bris, Goetzmann, and Zhu (2006). The percentage of weekly 

returns two standard deviations below (above) the previous year's average is around 2.63% (2.85%). This 

is slightly bigger than the 2.28% expected from a normal distribution and reflects the fatter tails observed 

in empirical data. Overall, our summary statistics match the patterns documented in the literature. 

Table 3.4 shows the characteristics of stocks sorted by lending supply. Firms with higher supply 

tend to have smaller and. less volatile fees. The only noticeable difference in. the number of weeks with 

supply information across deciles (shown under Column #S. t, 1, ) is that firms with higher supply do have 

a higher number of weeks with lending transactions. When we look at utilization, i. e., the amount lent 

out divided by total amount available, firms with higher supply tend to have much lower utilization rates 

than those with low supply. They also tend to be larger firms and they are more likely to have shares 

cross-listed outside their home countries. Finally, firms in the lowest deei. le of lending supply have lower 
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average annualized returns (12.74%) than those in the top d. ecile (15.23%) and display much higher 

standard deviations of returns (8.62% vs. 4.62%). This observation is consistent with the literature on 

the relationship between short-interest and stock returns. 

3.5 Empirical Results 

We start by examining whether our proxies for short-sale constraints are related to the different mea- 

sures of price efficiency. We estimate GLS regressions using yearly data with random firm-effects and 

corrected for heteroscedasticity using robust standard errors. We include country-year fixed effects to 

control for country and year-specific variation, such as those related to differences in corporate gover- 

nance regimes [Morek, Yeung, and Yu (2000)] and opaqueness [(Jin and Myers (2006)]. We also add a 

dummy variable to control for securities that have ADRs or GDRs traded outside the domestic market, 

based on evidence that cross-listing makes prices more efficient [Doidge, K. arolyi, Lins, Miller, and Stulz 

(2005)]. 8 All regressions control for market capitalization and we also estimate regressions controlling 

for leverage and book-to-market ratios whenever accounting data from Compustat Global are available. 

Liquidity effects are controlled via the proportion of zero-return weeks in a given year, similar to Bekaert, 

Harvey, and Lundblad (2005). After describing our base specification, we also perform different tests 

to evaluate the robustness of our conclusions to different time periods, measurement errors, differences 

between US and non-US stocks, using lagged values of the short-sales constraints proxies and alternative 

definitions of our supply measure. 

We analyze the economic significance of short-sale constraints by looking at how price efficiency 

measures vary with lending supply and borrowing fees. For each dependent variable, we compare the es- 

tinmated expected differences between stocks in the lowest and highest deciles of firms ranked by lending 

supply that are due to our proxies for short-sale constraints. 

The dummy variable is dynamic such that it only takes a value of one after the security is cross-listed. 
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3.5.1 Cross-correlation 

To measure price efficiency, we first employ the cross-correlation of stock returns proposed by Br's, 

Goetzmann, and Zhu (2006). The cross-correlation is defined as the correlation between contemporane- 

ous stock returns and lagged market returns. Because correlation is hounded between -1 and 1, we apply 

the following transformation: ln. [(p+l)/(1-p)] and use it as a proxy for efficiency. We find results that 

are largely consistent with Bris, Goetzmann, and Zhu (2006), that is, firms with larger supply and lower 

borrowing fees have smaller cross-correlation. The regression results in Table 3.5 imply that the expected 

change in correlation due to differences in lending supply between bottom and top decile is -32%. The 

actual values are 0.06 for firms in the bottom decile and 0.04 for firms in the top docile. Leverage and 

book-to-market ratios are not statistically significant, but firms with higher size or liquidity tend to be 

more efficient. The impact of cross-listing is only marginally significant and we don't find support for 

the claim that it improves efficiency using cross-correlation. 

However, the cross-correlation might be a biased measure of efficiency since it does not control for 

the correlation of contemporaneous stock returns or lagged domestic index returns with omitted variables. 

We address this concern by looking at measures of efficiency that accounts for possible correlation with 

omitted variables. 

3.5.2 Delay Measures 

We also test the hypothesis that short-sale constrained stocks are less efficient by estimating regressions 

of delay measures on our measures of short-sale constraints. These measures compare the usefulness of 

domestic market index lagged returns to explain stock returns. Using the price delay measures DI, D2 

and D3 previously defined as dependent variables, we run panel-data regressions using supply available 

for lending and the borrowing fee as explanatory variables. 

As predicted, the results in Table 3.6 show that all three measures of price delay decrease with 

the supply available for lending and increase with borrowing fees. For example, consider the -0.01 

coefficient for L., n(Supply) when DI is the dependent variable. The expected difference in DI due to 
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differences in supply between stocks in the bottom decile and those in the top decile is - 18.88%. 9 Since 

lending supply and borrowing fees are strongly negatively correlated (the correlation coefficient is -0.44). 
ranking firms by lending supply also produces an uniform sort on borrowing fees, as seen in Table 3.4. 

The expected value for D1 caused by the differences in borrowing fees is 3.85% lower than for f rams in 

the bottom decile relative to the top decile of firms ranked by lending supply. Hence, lending supply and 
borrowing fee are not only statistically significant, but also have a large economic impact on the price 
delay measures. Stock prices for firms with high book-to-market, market capitalization and liquidity, and 
low leverage ratios are also more efficient. We expect smaller price delays associated with cross-listing if 

firms that cross-list their shares internationally benefit locally from the better disclosure and transparency 

environments. This is exactly what we find, which is consistent with Doidge, Karolyi, Lins, Miller, and 

Stulz (2005) and Foucault and Gehrig (2006). 

3.5.3 R`' 

We now repeat the analysis looking at how the proportion of idiosyncratic risk relative to total risk is 

related to short-sale constraints. Again, we transform the dependent variable using ln[R2/(1-R2)] to 

avoid any statistical complications caused by R2 s being bounded between 0 and 1. Results in Table 3.7 

suggest that stocks with higher supply and lower borrowing fees have higher Res. The coefficient on log 

supply reported in Column (ii) equals 0.106 and implies that the expected difference in Res for stocks 

in the bottom decile relative to those in the top decile of lending supply is 49%. The average Res are 

0.13 for firms in the bottom decile and 0.18 for firms in the top decile. Ranked by lending supply, the 

estimated impact from the observed decrease in borrowing fees between the lowest and the top docile 

of firms also increases Res by 8.69%. This means that even in countries where short-selling is allowed, 

there are large cross-sectional differences in Res due to short-sale constraints. Additionally. firms with 

higher liquidity (i. e. those with fewer weeks of zero returns) and market capitalization or lower leverage 

have smaller idiosyncratic risk relative to total risk.. In line with Foucault and Geh. rig (2006), who argue 

that cross-listing makes prices more efficient because of the larger number of informed investors trading 

the stock, we find that firms that cross-list have higher Res. 

We obtain this value first ftom multiplying the estimated coefficient by the difference in Ln(Supply) between the top and 

bottom deciles shown in Table 3.4. Then we divide it by the bottom decile value for 1_)1. 
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All these results point to high R2s as a proxy of price efficiency, but they are at odds with results found 

at the country level by Bris, Goetzmann, and Zhu (2006). They show that Res are higher in countries 

where short-selling is prohibited or not practiced, but smaller in those with more liquid securities or 

where more firms have cross-listed. 10 

These results might be caused by an unknown omitted-variable at the country level that correlates 

with their dummy variable - that also proxies for short-sale constraints - while the measures we use are 

robust to country-year fixed effects. Our data additionally indicate that stocks are still put up for lending 

by custodians and used for short-selling in the over-the-counter market in 6 out of the 46 countries 

classified by Bris, Goetzmann, and Zhu (2006) as places in which short-sales are prohibited and/or not 

practiced. '' This makes their dummy variable a potentially imperfect measure of short-sale constraints. 

Another shortcoming of this dummy variable is that it does not capture the within-country variability in 

shorting supply. The proxies for short-sale constraints we use in this paper are a more direct measure 

of constraints for individual securities, Moreover, our findings are similar to those of Kelly (2005), who 

shows that US firms with low Res are associated with higher transaction costs, sensitivity to past market 

returns and liquidity. He also uses the change in breadth of institutional ownership [Chen, Hong, and 

Stein (2002)] as a proxy for short-sale constraints and find that firms with more binding constraints have 

lower Res. Our findings are also similar to Hou, Peng, and Xiong (2006) and Teoh, Yang, and Zhang 

(2006), who find that financial anomalies are more pronounced in firms with lower Res. 

Given the differences between our proxies and the Bris, Goetzmann, and Zhu (2006) dummy variable 

and their implication for the role played by Res as predictors of price efficiency, we attempt to estimate 

regressions using their proxy for short-sale constraints at the country and security levels, additionally 

including our variables. In Panel A of Table 3.8 we show regressions using Res estimated at the security 

level as the dependent variable , while in Panel B we use data aggregated at the country level. Following 

Morck, Yeung, and Yu (2000) and Bris, Goetz mann, and Thu (2006), country R2s are computed by 

weighting each individual firm-year observation by its spun of total squares (SST) relative to the aggregate 

"'In Column (1) of Table IV in their paper. Bris, Goetzmann, and Zhu (2006) report positive estimates for ADRO and ADR1. 

their dummy variables employed to capture cross-listing effects when R2s are used as the dependent variable. However. the 

dummies are only significant for cross-listings from countries where short-sales are allowed and practiced and only in the 

regression with controls for country and industry characteristics. 
''The countries in which the Kris, Goetzmann, and Zhu (2006) definition is not appropriate are China, Finland, Israel. 

Zealand, South Africa and Spain. 
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SST for that country in a particular year, Columns (i)-(ii) displays results based on all available countries 

vN, ith stock returns collected from Datastream, regardless of the availability of stock lending data. In 

Columns (iii)-(v) we restrict the sample to only include firms with lending data available. 

In these specifications, it is important to better describe the meaning of the "Short-sales allowed 

and practiced" dummy variable. In principle, constraining the data to only include countries with stock 
lending data should make the impact of the dummy unidentifiable for estimation purposes. However, 

given that we lending data is available for six countries - China, Finland, Israel, New Zealand, South 

Africa and Spain - that are classified by Bris, Goetzmann, and Zhu (2006) as places in which short- 

selling is forbidden or not practiced, we can estimate the regressions using the full set of 26 countries 

and the dummy variable under their classification. This variable essentially captures the impact coming 

from these particular countries, and no longer captures the impact of countries placing a total ban on 

short selling. 

Panel A shows that the short-sales dummy based on regulatory information is highly significant at 

the security level when we use all available firms. These results might reflect the fact that short-selling is 

more likely to be allowed or practiced in countries with more developed markets but, as shown by Morck, 

Yeung, and Yu (2000), firms in developed markets also have lower R2's than those in less developed ones. 

In Column (ii) we include a dummy variable for members of the Organization for Economic Co-operation 

and Development (OECD), defined as those with above-average GDP per capita measured in constant 

1` purchasing power as of the end of 2005. . 

From Column (iii) onwards we constrain the sample by only using firms with available lending data. 

We see from Column (iv) that the explanatory power of the short-sales dummy variable seem in Column 

(iii) is eliminated once we control for OECD membership, but lending supply and borrowing fees still 

produce the result that Res are higher when short-sale constraints are weaker (as seen in Column (v)). 

This is in line with the view that higher Res are related with greater efficiency and. are further strengthened 

by the positive and statistically significant coefficients found for firms that cross-list abroad. Cross-listing 

in alternative regulatory environments usually improves the informational environment and has been 

found to improve price efficiency [Doidge, Karolyi, Lins, Miller, and Stulz (2005)]. We would further 

12 We also obtained similar results using a dummy variable for countries with above-average GDP per capita 
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expect that efficiency gains are larger for firms that cross-list from countries in which short-selling is not 

allowed and the fact that we cannot reject the hypothesis that the ADRO coefficient is greater than the 

ADR 1 coefficient (the p-value of the hypothesis that the difference between coefficients is zero equals 

0.07) lends yet more strength to this. 

In Panel B we attempt to replicate the country-level analysis performed by Bris, Goetzmann, and 

Zhu (2006). While in in Column (i) we can match their findings that the short-sales dummy is negatively 

related with ß. 2s when we use all available countries, the short-sales dummy variable coefficient becomes 

only marginally significant by including the OECD-membership dummy as can be seen in Column (ii). 

Using the restricted sample in Columns (iii) to (v), we find that the OECD-membership dummy is still 

significant (and negative) across the board, while the short-sales dummy is never significant. However, 

the negative coefficients found for borrowing fees in Column (iv) are in line with Bris, Goetzrnann, and 

Zhu (2006) and opposite to our findings at the security-level. Results for the impact of lending supply 

and borrowing fee at the country-level are mixed and possibly reflect the loss of information due to 

within-country variation in these variables. 

In order to obtain an estimate of the economic magnitude of these effects, we examine the change 

in R2 by comparing two otherwise identical stocks that only differ because they are traded in different 

countries and have different lending supply of shares, Stock X does not have any shares available for 

lending, being traded in a country that is not a member of the OECD. ' 3 On the other hand, stock Y is 

traded in an OECD country where short-selling is allowed and has lending supply and borrowing fee 

equal to the middle decile of firms ranked by lending supply. If we look just at the impact coming from 

the dummy variable, taking as, becoming a member of the OECD will decrease stock Y's R2 compared 

to stock X by 36%. However, going from the smallest decile to the middle one in terms of lending supply 

and borrowing fee increases R2 by 1.2.81%. 14 The overall impact of these three effects is to increase R2s 

by 2.27%. 

An alternative method to compare the impact of these variables is to express them in terms of R2's 

standard deviation changes. For example, the "OECD-membership" dummy yields a -0.508*(1/1.33)=- 

3We haven't computed the impact of the short-sales dummy because it is not statistically significant). 

''Lending supply in countries where short-sales are not allowed or practiced should be zero. Since our regressions actually 

use ln(Supply), we compute the impact of varying lending supply from the bottom decile to the middle one. 
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0.38 standard deviation change in R2. Comparing a stock in the bottom decile of lending supply to 

another with lending suppIy and borrowing fee equal to the world average leads to an increase in R2 of 

0.1 1 standard deviations. Thus, it is no longer clear whether lower Res are indicative of greater price 

elliciencv due to lesser short-sale constraints. 

More generally, the discussion on the usefulness of Res is related to how cross-sectional differences 

are explained by country or security-level variables. Morek, Yeung, and Yu (2000) document how stock 

markets in poor countries have higher Res relative to rich ones and show that this difference can be ex- 

plained by stronger property rights in rich countries. Jin and Myers (2006) advocate that the higher Res 

observed in less developed countries are also related to a lack of transparency. which allows firm insiders 

to willingly soak up more idiosyncratic risk and leave outside investors exposed to more systematic risk. 

II 'a Grin is more opaque, insiders can grab a higher fraction of cash-flows following above-expectations 

earnings while they need absorb a higher proportion of losses following bad news, causing a decrease 

in the amount of firm-specific risk borne by outsiders. On the other hand, West (1988) shows that the 

volatility of stock returns decreases as information about future cash-flows is more easily incorporated 

into prices. News affecting these future cash-flows are factored into prices relatively earlier at higher 

discount rates. This heavier discounting reduces idiosyncratic volatility. If relaxing constraints increases 

the amount of and speed by which information is incorporated into prices, we would expect less idiosyn- 

cratic risk, i. e., higher R2s, the larger the shorting supply of shares and the smaller the borrowing fee. 

The opposing directions implied by these papers indicate that R's might be poor predictors of price et- 

ficiency. It is important to understand theoretically if there are differential impacts on idiosyncratic risk 

coming from increases in transparency and less constrained short-selling. A recent paper by Brown and 

Kapadia (2006) corroborates our results and shows that the decrease in idiosyncratic risk observed tier the 

US in recent years (Campbell, Lettau, Malkiel. and Xu (2001)) are due to a riskier set of firms choosing 

to become publicly traded. Once they control for this group of firms, the results that relate lower Res to 

higher efficiency no longer hold. 

Our main contribution to this debate is to show that, at the security-level, the evidence in the data 

supports the view that price efficiency is associated with higher Res. This is opposite to the evidence 

found by }iris, (ioetzniarun, and Zhu (2006) at the country-level and suggests that great care should be 
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taken when using firms' Res as a measure of efficiency. It seems that the changes in efficiency due 

to fewer short-sale constraints affect Res in the opposite direction to that caused by increases in the 

efficiency of corporate investment [Durnev, Morck, and Yeung (2004)] or transparency [Jin. and Myers 

(2006)]. 

3.5.4 Skewness, frequency of extreme returns and regulatory concerns 

Regulators are generally concerned that relaxing short-sale constraints may increase the probability of 

crashes. The widespread use of short-selling by hedge-funds and their huge impact on daily trading 

volume has generated questions about the fairness and legality of this type of trade [see for example 

the article at Forbes. com (2006)]. We test this concern by looking at how our proxies for short-selling 

constraints affect four characteristics of distribution of returns: skewness, kurtosis, and the frequency of 

extreme negative and extreme positive returns at the stock. level. 

Stocks in our sample on average have positive skewness. The coefficient on lending supply is equal 

to -0.07 in Table 3.9 and is statistically significant at the 1% level. Ranking firms by lending supply, 

the estimated difference in skewness between the bottorn and top deciles due to lending supply is 86%. 

The actual difference equals 94%, with the average skewness equal to 0.34 in the bottom decile and 0.02 

in the top decile of firms. However, we do not find significant results for the borrowing fee measure. 

Our results imply that lending supply is associated with lower skewness, similar to results found by Bris, 

Goetzmann, and Zhu (2006) for international market indices and Chang, Cheng, and Yu (2006) in Hong 

Kong's stock market. Skewness also decreases with liquidity and market capitalization. These results 

are the same regardless of whether we compute the skewness of raw returns or from residuals generated 

by a market-model equation, to remove the impact of systematic market fluctuations. Using our proxies 

allow us to show that the link between skewness and short-sale constraints also exists at the stock level 

across different countries. This is another example of the usefulness ofour lending supply measure as a 

proxy for short-sale constraints. 

We can also examine how kurtosis is af'ected to test whether short-sales constraints are associated 

with "thicker" tails of the distribution of returns, meaning a higher frequency of extreme returns. In 

Table 3.1.0 we estimate the relationship between short sale constraints and kurtosis using as dependent 
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variables both raw stock returns and residuals from a market-model regression. We find weak support 
for the hypothesis that smaller lending supply increases kurtosis, but strong support for the impact of 
higher borrowing fees. Low liquidity and low market capitalization also increase the kurtosis. However, 

the change in kurtosis could be related to thicker tails either on the positive or negative side of the return 

distribution. 

Although the results for skewness are consistent with the idea that short-sales constraints might 

affect the frequency of crashes, they are not conclusive. The correlation found between lending supply 

and skewness might be due to an increase in the relative proportion of modest negative returns relative 

to positive returns or, instead, from an increase in the frequency of extreme negative ones relative to 

low returns near the average. We disentangle this by examining the proportion of weekly returns in a 

given year that are two standard deviations below the previous year average, showing results in Table 

3.11. The first two columns show the results using the frequency of extreme negative returns as the 

dependent variable. We don't find any explanatory power for lending supply or borrowing fee. We only 

find evidence that crashes are less likely for stocks that cross-list abroad, have higher liquidity, market 

capitalization, or book-to-market ratios. Overall, there is no support for the argument that short-sale 

constraints are related to the frequency of stock crashes. 

Because most countries had large and increasing average stock returns in the 2004-2006 period, our 

lack of explanatory power might be due to the absence of major international crises during this period. 

In columns 3 and 4, we estimate our regressions using the frequency of large positive returns and we 

only find weak evidence that higher lending supply decreases extreme positive returns. The coefficient 

estimated for lending supply in Table 3.11 equals to -0.001 but it is no longer significant once we control 

for leverage and B/M. Firms that cross-list abroad and are larger in terms of market capitalization also 

exhibit a smaller frequency or large gains. 

Overall, our results show that relaxing short-sale constraints is associated with lower skewness. This 

result is similar to evidence found at the country level by Charoenrook and Daouk (2005) and Bris, 

Goetzmann, and Zhu (2006) but, contrary to the former, we also find support for the hypothesis that 

relaxing short-sales constraints decreases skewness at the security level.. However, combining these 

results with those found for the frequency of extreme returns, it seems that the impact on skewness. if 
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any, comes from changes in the frequency of extreme positive returns rather than in extreme negative 

returns. 

3. ý. ý Regressions with Additional Controls for US firms 

One of the drawbacks of using international data is the reduced availability of various control variables 

commonly available for US firms, such as turnover and whether tradable options are available. 15 In an 

effort to reduce the biases caused by the omitted-variables problem, we now present regressions for a 

subset of the data that only includes US firms. Within this smaller sample, we construct three additional 

control variables. Using CRSP data, we compute average daily turnover and ILLIQ (Amihud (2002)) in 

a given year. It is possible that the explanatory power of lending supply and borrowing fees is in fact 

capturing the effects due to turnover and liquidity. Firms with higher turnover and liquidity have been 

shown to be more efficient than those with lower turnover and liquidity (Kelly (2005)). 

Although our global database has a dummy variable for firms that cross-list, an important variable 

missing from our base regressions is whether firms have options being traded on their shares. Using 

quarterly data on options' trading volume, we construct a dummy variable to capture whether a firm has 

options being traded in a particular year. 16.17 

The constrained data has 6,061. observations for 3,770 different US firms. Most firms in our panel 

(about 70%) do not have options traded on US exchanges. The previous results found in the global 

data still hold when we control for turnover, ILLIQ and "optionability" in Table 3.12: lending supply is 

associated with higher price efficiency across most measures, while higher borrowing fees are usually 

associated with smaller efficiency. In most regressions, the impact of Amihud (2002)s ILLIQ measure 

is statistically sign ifiicant, with less efficient firms also having lower liquidity. 

The last four columns of Table 3.12 use characteristics of the distribution of stock returns as de- 

pendent variables. The results found in the US are different than those found for the global data once 

we control for turnover, ILLIQ and "optionability". Lending supply only has explanatory power using 

"'Option trading will most likely be reflected in the lending market since option sellers will have to hedge their exposure. 

Therefore options trading was not completely ignored in previous regressions. 

We kindly thank Robert Battalio for giving us the option data. 

/Wo also obtain similar results using a variable that ranks firms by option trading volume and a variable with the frequency 

of quarters in a year for which options were traded. 
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skewness as the dependent variable. In the global data, it also had shown modest explanatory power to 

explain the frequency of extreme positive returns. 

For US firms, higher borrowing fees are associated with fewer extreme returns, regardless of whether 
they are positive or negative. However, given these results, we would also expect a negative and signifi- 

cant coefficient when kurtosis is the dependent variable. Stock turnover is strongly associated with higher 

kurtosis and the frequency of extreme positive and negative returns, but is not associated with skewness. 

Overall, higher lending supply and lower borrowing fees are related to lower price efficiency. How- 

ever, the results found for their impact on skewness and kurtosis are mixed and should not be taken 

as evidence in support or against the impact of short-sale variables on the likelihood and frequency of 

crashes. 

3.5.6 Additional tests 

This section describes the various robustness tests we conduct to evaluate the sensitivity of our conclu- 

sions to different assumptions. Given the large growth in the scope and coverage of the database, we 

create a balanced panel and divide the sample into two different periods of relative stability in stock 

coverage. Based on Figure 3.1, we define Period I as the week beginning on March 24,2004 and ending 

on March 23,2005, while Period 2 as the period between July 6,2005 and June 28,2006. Results in 

Table 3.13 show that the significance of the results with respect to lending supply are weaker in Period 

1, regardless of the dependent variable we consider. When we examine the estimates for the borrowing 

fee, results are broadly consistent with our conclusions in Period 1, but the statistical significance is 

smaller in Period 2. These results can be due to the reduction in the number of data points from using 

just one cross-section of data or a smaller predictive power of borrowing fees to explain variation within 

a cross-section rather than between cross-sections. 

In table 3.14, we test whether our results are sensitive to the variability of short-sale constraints prox- 

ies within a year. It might be the case that yearly averages have lower explanatory power for firms that 

exhibit higher variability within a year. We split our data into three groups according to the coefficient 

of variation in weekly lending supply or borrowing fee in a given year. Firms in the Low group are 

those with smaller variations of the short-sales constraints proxies. We estimate a single regression with 
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different coefficients according to which group stocks belong to. The results are similar regardless of the 
group to which they belong. 18 

Our sample includes both US and non-US stocks and given the size of the US market, comprising 

almost 40% of stocks in our sample, it is important to know whether there are large differences in 

estimated parameters between US and non-US stocks. In Table 3.15 we split stocks in two groups 
depending on whether they are traded in the US or not. The sensitivities of price efficiency measures 

to lending supply and borrowing fees are similar inside and outside US markets and remain highly 

significant. When we look at the impact on skewness and the frequency of extreme returns we get 

the same qualitative results as found in Table 3.9 and Table 3.11, revealing that short-sale constraints 

reduce skewness, but do not seem to affect the frequency of large negative returns. 

Another concern that must be addressed is the causality of the relationship. Our hypothesis is that 

inefficiency is caused by more stringent short-sales constraints. However, we cannot fully reject the 

reverse order of causality. This would mean that inefficient stocks drive investors away from the lending 

market, reducing lending supply and increasing borrowing fees. In Table 3.16 we re-estimate regressions 

using lending supply and borrowing fees lagged by one year. The estimated parameters keep being 

statistically sig>nificant and reinforce our claim that price efficiency is reduced when investors face more 

short-sale constraints. 

We also use two alternative lending supply measures for robustness. First, we compute Residual Sup- 

ply as residuals from regressing stock lending supply scaled by aggregate supply on firm size, Second, 

we compute Utilization by dividing the total amount lent by the total supply of shares available. In Table 

3.17 and Table 3.18 we repeat our regressions replacing lending supply with these alternatives. Looking 

at the parameters estimated for Residual Supply, we can see that our effects are above and beyond any 

influence that firm size might have. All our conclusions are similar when we use this measure. The 

explanatory power of Utilization is very low, which can be seen under Column (ii) for each different 

dependent variable. Although statistically significant at the 5% for cross-correlation and D2, utilization 

is not robust across the other price efficiency measures, skewness and the frequency of extreme negative 

'Unreported robustness checks also compute the borrowing fee using the actual reinvestment rate that is leasible for lenders, 

rather than the risk-free rate in each country. Our results for the borrowing fee variable are even stronger than those presented 

in the text. 
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and positive returns. These results can be explained by the fact that stocks with high utilization aren't 

necessarily short-sale constrained, but are in high demand from investors. 

Lastly, the country fixed-effects we use as controls in our main regressions do not account for difer- 

ent slopes across countries. We test this possibility by adding interactions of lending supply, borrowing 

fees and market capitalization with a dummy variable that controls for OECD membership which proxy 

for the level of financial development. Out of the twenty-six countries, eight are not members of the 

OECD (China, Hong Kong, Israel, Mexico, Singapore, South Africa and South Korea), however these 

countries comprise only about 5% of the observations. Looking first efficiency measures as the depen- 

dent variables, in Table 3.19 we can see that the impact of lending supply comes mainly from OECD 

countries. The only significant difference in slopes is found when the cross-correlation between con- 

temporaneous stock returns and lagged stock market returns is used as the dependent variable, when 

OECD-members are less affected by changes in lending supply (total impact= -0.007) than non-OECD 

members (total impact= 0.034). Furthermore, we can also reject the joint hypothesis that the both 

parameters are equal to zero for all efficiency measures. The lack of significance of borrowing fee pa- 

rameters is most likely due to multicolinearity, as the joint hypothesis test that both parameters are equal 

to zero is rejected for all efficiency measures. As for market capitalization, there does not seem to be any 

difference between OECD and non-OECD countries. 

The impact of these interactions on characteristics of the distribution of stock returns yield the same 

(mixed) results found before. Borrowing fees are not significant to explain any of the measures, but 

changes in lending supply of OECD members are found to have a smaller impact than non-OECD mem- 

bers for kurtosis and the frequency of extreme positive returns. At least in 2004 and 2005, our proxies 

for short-sale constraints do not seem to have a major impact on the distribution of returns. 

3.6 Conclusion 

Using a unique dataset with weekly stock lending transactions across 26 countries, this paper estimates 

the impact o("short-sate constraints on measures of price efficiency. We find strong evidence to support 

the hypotheses proposed by Diamond and Verrecchia (1987), Duffie, Garleanu, and Pedersen (2002) and 
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Bai, Chang, and Wang (2006) that short-sale constraints are associated with less price efficiency. 

We use two measures of short-sale constraints: the supply of shares available for lending and the 

borrowing fee. The availability of stock-level information on short-sale constraints enables us to control 

for any effects on price efficiency that cone from country differences such as differences in the regulatory 

environment, stages of financial development or income levels. This is something that, to the best of our 

knowledge, has not been done in the literature for such a wide range of securities. 

We estimate panel regressions to explain cross-sectional differences in price efficiency. Stocks with 

limited lending supply and high borrowing fees have longer delays in responding to market-wide shocks. 

Relaxing shorting restrictions is associated with an increase in the speed by which information is incor- 

porated into prices. I., arge and more liquid firms also tend to have more efficient prices, while those with 

higher leverage or low book-to-market ratios tend to be less efficient. 

We look at changes in. the distribution of stock returns based on four measures: the skewness and 

kurtosis of weekly stock returns, and the frequency of large negative and large positive returns. We find 

short-sales constraints are associated with smaller skewness and higher kurtosis. However, our findings 

also show that they do not affect the frequency of large negative returns, with the change in kurtosis and 

skewness being due to changes in the frequency of large positive ones. These findings reduce concerns 

expressed by regulators that removing short-sale constraints could increase the frequency of crashes at 

the stock level. When we restrict the analysis to US firms, we are not able to replicate these effects 

and it seems hard to claim any strong relationship between the frequency and magnitude of crashes with 

lending supply and borrowing fees. 

We also provide evidence against the usefulness of using R2s of market model regressions to lnea- 

sure price efficiency [Morck, Yeung, and Yu (2000), An and Myers (2006)], Our proxies imply a nega- 

tive relationship between R2s and short-sale constraints, which is opposite to the evidence found at the 

country-level by Bris, Goetzmann, and Zhu (2006). They use a dummy variable for countries in which 

shorting is allowed and practiced based on market regulatory information and interviews with govern- 

ment officials, but it is possible that this dummy is correlated to other unknown omitted variables which 

affect idiosyncratic risk at the country level. Our estimates do not suffer from this problem because we 

have access to data at the firm level and we are able to control for country fixed-effects and for firm 
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characteristics such as leverage, size and book-to-market ratios. 

The results presented above are relevant to market participants and regulators alike, displaying the 

gains in efficiency associated with a higher supply of shares available for lending. The negative impact 

that short-sales constraints have on price efficiency measures is economically large, but these constraints 

do not seem to affect the frequency of stock price crashes. The conclusions are the same for US and 

non-US firmes, they hold across time-periods and are robust to controls for firm size, leverage, liquidity 

and to whether a firm has ADRs or GDRs issued abroad. Furthermore, results are also similar when we 

focus on US firms, adding turnover, liquidity (Amihud (2002)) and a dummy for whether options are 

available as additional variables. 

We Leave for future research the study of how our lending measures affect stock returns. Although 

the dataset only has two years of data, preventing us from testing whether there is any risk premium 

associated with systematic changes in lending supply, it will be interesting to investigate \t'hether the 

post-earnings announcement drift is related to this measure of short-sale constraints. 
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Table 3.2: Stock markets around the world 
The table shows summary statistics based on yearly values for 2004 and 2005. Each firm must have at least 50 
weekly return observations, less than 10 zero-return observations and at least 6 lending observations in a given 
year. Furthermore, each country must have at least 16 firms in a given year. Panel A contains firms for which 
accounting data from Compustat Global is available, while Panel B relaxes this requirement and uses all available 
data. Fee is winsorized at 0.5%. 

Obs. Mean Median St. dev. Min. Max 
PANEL. A: Small sample (firms with accounting data) 

R2 (x 100) 7,501 19.52 17.37 13.54 0 77 
Cross-correlation (x100) 7,501 2.80 2.70 14.39 -45 52 
Eil 7,501 0.33 0.26 0.24 0.00 1.00 
D2 7,501 0.55 0.53 0.19 0.07 1.00 
D3 7,501 0.60 0.60 0.18 0.10 1.00 
Skewness of raw returns (x. 100) 7,501 9.56 9.84 91.49 -713 697 
Skewness of abnormal returns (x100) 7,501 15.67 1.8.26 95.74 -712 601 
Kurtosis of raw returns 7,501 2.10 1.05 3.74 -1 51 
Kurtosis of abnormal returns 7,501 2.31 1.20 3.77 -1 51 
Freq. extreme negative returns (x100) 7,501 2.36 1.89 3.33 0 51 
Freq, extreme positive returns (x 100) 7,501 2.57 1.89 4.43 0 100 
Ln(supply) 7,501 0.28 0.50 1.21 -7 4 
Fee (% p. a. ) 7,501 0.85 0.25 1.27 0 9 
ADR or GDR dummy 7,501 0.06 0.00 0.24 0 1 
l.., n(13ook to market) 7,501. -0.15 -0.10 0.73 -4 5 
Leverage (x 100) 7,501 16.15 11.95 18.14 0 339 
Market cap (USD billions) 7.501 3.20 0.78 11.04 0 342 
Zero-return weeks (% per year) 7,501 2.50 1.89 3.35 0 17 

Number of stocks per country-year 7,501 3,889 2,493 2.723 11 6,941 
PANEL, B: I.., arge sample (firms withoiii accounting data) 

R2 (x 100) 14,055 18.94 16.06 14.25 0 96 
Cross-correlation (x100) 14,055 2.63 2.58 14.55 -47 54 

Dl 14,055 0.35 0.28 0.25 0 1 

D2 14,055 0.56 0.54 0.19 0 1 

D3 14,055 0.61 0.60 0.18 0 1 

Skewness of raw returns (x 100) 14,055 9.42 10.45 93.44 -713 697 

Skewness of abnormal returns (x 100) 14,055 14.71 17.27 95.50 -712 636 

Kurtosis of raw returns 14,055 2.14 1.01 3.95 -1 51 

Kurtosis of abnormal returns 14,055 2.27 1.12 3.86 -1 51 

Freq. extreme negative returns (x 100) 14,055 2.63 1.89 3.82 0 60 

Freq. extreme positive returns (x100) 14,055 2.85 1.92 5.24 0 100 

Ln(supply) 14,055 0.10 0.31 1.30 -8 4 

Fee (% p. a. ) 14,055 0.93 0.29 1.34 0 9 

ADR or GDR dummy 14,055 0.08 0.00 0.27 0 1 

Market cap (USD billions) 14,055 3.24 0.67 12.25 0 538 

Zero-return weeks (°/v per year) 14,055 2.77 1.89 3.59 0 17 

Number of stocks per country-year 14,055 3,769 2,493 2,876 11 6,941 
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Table 3.3: Determinants of Lending Supply and Borrowing Fees 
The panel regressions are estimated using fixed country-year effects with robust (Huber/White/sandwich) standard 
errors clustered at the fine level. Each firm-year must have at least 50 weekly return observations and less than 10 
weeks with zero returns and countries must have at least 16 companies to be included in the sample. Ln(Supply) 
is the yearly average of stock lending supply as a fraction of market capitalization and then scaled by aggregate 
supply. Ownership variables are obtained from Datastream. T -statistics are reported in parentheses and significance 
levels are indicated as follows: *=statistical significance at the 10% level; **=significant at the 5% percent level; 
***=significant at the I% level. 

Mean St. dev. Ln(Supply) 
(i) (ii) 

Borrowing Fee 
(i) (ii) 

ADR or CDR 0.06 0.24 0.049 0.076 -0.179 -0.276 
(1.32) (1.59) (4.37)*** (5.05)*** 

Ln(Book to market) -0.15 0.73 0.056 -0.152 
(2.60)*** (4.17)*** 

Leverage 0.16 0.18 -0.211 0.247 
(3.04)*** (3.07)*** 

Ln(Market Cap) -0.12 1.47 0.307 0.282 -0.261 -0.275 
(41.32)*** (28.69)*** (29.88)*** (21.48)*** 

Zero-return weeks fraction 0.03 0.03 -4.660 -4.476 2.936 2.913 
(13. $5)*** (9.74)*** (7.15)*** (4.89)*** 

Ownership (°/ ) 
Employees / Family 6.16 13.65 -0.010 -0.010 0.004 0.002 

(12.59)*** (9.08)*** (4.12)*** (2.03)** 

Government 0.30 3.80 -0.015 -0.016 0.002 0.004 
(8.26)*** (6.98)*** (1.15) (1.53) 

Cross-holdings 8.71 16.89 -0.014 -0.013 0.003 0.004 
(16.11)*** (11.29)*** (4.05)*** (3.55)*** 

Investment companies (LT) 18.59 21.95 0.015 0.013 -0.006 -0.005 
(17.6))*** (12.39)*** (8.88)*** (4.32)*** 

Pension funds 1.04 2.34 -0,002 0.000 0.010 0.01 1 
(0.25) (0.01) (2.49)** (1.54) 

Mean(Dependent) 0.11 0.28 0.92 0.85 

StDev(Dependent) 1.29 1.21 1.34 1.27 

Observations 13,873 7,471 13,873 7,471 

No. of companies 8,570 4,405 8,570 4,405 
48 0 0.54 0.31 0.34 

R2 
Country-year FE 

. 
Yes Yes Yes Yes 
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Table 3.5: Cross-correlation 
The panel regressions are estimated using GLS random firm-effects with robust (Huber/White/sandwich) standard 
errors. Each firm-year must have at least 50 weekly return observations and less than 10 weeks with zero returns 
and countries must have at least 16 companies to be included in the sample. Correlations are transformed us- 
ing Cross-correlation-ln[(p) 11)/(1-p)]. The lending supply data are from 2004 and 2005 and covers 26 different 
countries. T -statistics are reported in parentheses and significance levels are indicated as follows: *=statistical 
significance at the 10% level; **=significant at the 5% percent level; ***=significant at the 1% level. 

Mean St. dev. Cross-correlation 
(i) (ii) 

Ln(Supply) 0.28 1,21 -0.008 -0.008 
(1.96)* (3.39)*** 

Fee (% p. a. ) 0.85 1 
. 27 0.015 0.009 

(4.37)*** (4,15)*** 
ADR. or GDR. 0.06 0.24 0,029 0.021 

(1,87)* (2.01)** 
Ln(Book to market) -0.15 0.73 0.000 

(0.08) 
Leverage 0.16 0,18 0.011 

(0.62) 
Ln(Market cap) -0.12 1.47 -0.020 -0.019 

(6,84)*** (9.50)*** 

Zero-return weeks fraction 0.03 0.03 0.366 0.304 
(3.22)*** (3.85)*** 

Mean(Dependent) 0.06 0.05 

StDev(Dependent) 0.29 0.30 

Observations 7,501 14,055 

No. of companies 4,423 8,709 

R2 within 0,19 0,17 

R2 overall 
0.15 0.14 

R2 between 0,12 0.11 

Country-year FE Yes Yes 
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Table 3.6: Delay Measures 
The panel regressions are estimated using GI., S random firm-effects with robust (T-Tuber/White/sandwich) standard errors. Each 
firm-year must have at least 50 weekly return observations and less than 10 weeks with zero returns and countries must have 

at least 16 companies to be included in the sample. The dependent variables are proxies for price delay similar to Hou and 
Moskowitz (2005). The lending supply data are from 2004 and 2005 and covers 26 different countries. T-statistics are reported 
in parentheses and significance levels are indicated as follows: *=statistical significance at the 10% level: **=significant at the 
5% percent level; ***=significant at the 1% level. 

Mean St. dev. 1) l D2 D3 
(i) (ii) (i) (ii) (i) (ii) 

Ln(Supply) 0.28 1.21 -0.010 -0.019 -0.009 -0.015 -0.008 -0.014 
(2.98)*** (8.37)*** (3.75)*** (9.29)*** (3.67)*** (8.91)*** 

Fee (% p. a. ) 0.85 1.27 0.018 0.01.1, 0.013 0.008 0.013 0.008 
(6.02)*** (5.54)*** (6.39)*** (5.76)*** (6.54)*** (6.08)*** 

ADR or GDR 0.06 0.24 -0.050 -0.030 -0.048 -0.034 -0.048 -0.035 
(4.15)*** (3.62)*** (5.39)*** (5.38)*** (5.46)*** (5.77)*** 

Ln(Book to market) -0.15 0,73 -0.038 -0.029 -0.029 
(8.82)*** (9.23)*** (9.68)*** 

Leverage 0.16 0.18 0.043 0.022 0.020 
(2.72)*** (l. 85)* (1.76)* 

Ln(Market cap) -0.12 1.47 -0.038 -0.043 -0.023 -0.027 -0.023) -0.027 
(15.72)*, ** (24.54)*** (12.20)*** (20.61)*** (13.20)*** (21.40)*** 

Zero-return weeks fraction 0.03 0.03 0.576 0.538 0.381 0.349 0.336 0.310 

(5.68)*** (7.77)*** (5.27)*** (7.09)*** (4.91)*** (6.68)*** 

Mean(Dependent) 0.33 0.35 0.55 0.56 0.60 0.61 

StDev(Dependent) 0.24 0.25 0.19 0.19 0.18 0.18 

Observations 7,501 14,055 7,501 14,055 7,501 14,055 

No. of companies 4,423 8,709 4,423 8.709 4,423 8,709 

R2 within 0.05 0.05 0.05 0.05 0.07 0.09 

R2 overall 0.21 0.22 0.17 0.20 0.18 0.22 

27 0 0.28 0.24 0.26 0.23 0.28 
R2 between . 

Yes Yes Yes Yes Yes Yes 
Country-year FE 
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Table 3.7: R2 
The panel regressions are estimated using GLS random firm-effects with robust (Huber/White/sandwich) standard 
errors. The R2 coefficients used as dependent variables are transformed using 1. n[R2/(1-R2)]. Each firm-year must 
have at least 50 weekly return observations and less than 10 weeks with zero returns. Furthermore, every country- 
year must have at least 16 companies. The lending supply data are from 2004 and 2005 and covers 26 different 
countries. The T -statistics are reported in parentheses and significance levels are indicated as follows: *=statistical 
significance at the 10% level; **=significant at the 5% percent level; ***=significant at the I% level. 

Mean St. dev. R2 
(i) (ii) 

Ln(Supply) 0.28 1.21 0.075 0.106 
(4.26)*** (9.48)*** 

Fee (% p. a. ) 0.85 1.27 -0.098 -0.067 
(6.51)*** (6.78)*** 

ADR or GDR 0.06 0.24 0.285 0.172 
(4.69)*** (3.97)*** 

Ln(Book to market) -0,15 0.73 0.175 
(7.73)x`** 

Leverage 0.16 0.18 -0.277 
(3.34)*** 

Ln(Market cap) -0.12 1.47 0.216 0.256 
(17,49)*** (29.55)*** 

Zero-return weeks fraction 0.03 0.03 -3.132 -2.836 
(6.09)*** (8.18)*** 

Mean(Dependent) -1.77 -1.86 
StDev(Dependent) 1.23 1.31 

Observations 7,501 14,055 

No. of companies 4,423 8,709 

R2 within 
0.11 0.11 

R2 overall 
0.27 0.30 

R2 between 0.33 0.35 

Couintry-year. FE Yes Yes 
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Table 3.8: Replication of Bris, Goetzmann, and Zhu (2006)* 

PANEL A: Security level (i) ii ý(ýý) (iii) (iv) (V) 

Short sales allowed and practiced -0.454 -0.394 -0.150 -0.041 -0.033 
(15.76)*** (13.04)*** (3.20)*** (0.79) (0.48) 

DOECD 
-0.230 -0.358 -0.508 

(7.20)*** (5.76)*** (6.68)*** 

Ln(Supply) 0.048 

(6.52)*** 

Fee(%) 
-0.011 

(2.47)** 

ADRO 0.021 -0.006 0.485 0.426 0.352 

(0.37) (0.10) (4.45)*** (3.91)*** (2.74)*** 

ADRI 0.037 0.031 0.148 0.141 0.115 

(1,06) (0.89) (3.44)*** (3.28)*** (2.66)*** 

Zero-return weeks -3.677 -3.697 -4.204 -4.278 -3.728 

(28.00)*** (28.17)*** (17.81)*** (18.09)*** (13.58)*** 

Ln(number of stocks) 0.136 0.122 0.182 0.159 0.170 

(1.6.93)*** (14.62)*** (16.07)*** (13.24)*** (12.38)*** 

Ln(GDP per capita) -0.608 -0.577 -0.603 -0.542 -0.542 

(19.86)*** (18.84)*** (11.54)*** (10.25)*** (8.33)*** 

Ln(Geographical size) -0.088 -0.075 -0.057 -0.042 -0.019 

(22.81. )*** (17.14)*** (9.97)*** (6.60)*** (2.46)** 

Variance in. GDP growth 0.009 0.004 0.016 0.004 0.003 

(6.63)*** (2.37)** (6.78)*** (1.33) (0.69) 

Ln(Market cap. ) 0.256 0.257 0.293 0.294 0.286 

(63.61)*** (63.93)*** (48.60)*** (48.82)*** (37.37)*** 

Mean(Dependent) -2.18 -2.18 -1.82 -1.82 -1.82 

StDev(Dependent) 1.48 1.48 1.33 1.33 1.33 
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Observations 

No. of companies 

R2 within 

R. 2 overall 

R2 between 

No. of countries 

Year FE 

70,144 

15,523 

0.07 

0.24 

0.36 

37 

Yes 

70,1.44 

15,523 

0.07 

0.24 

0.36 

26 

Yes 

21,808 

9,486 

0.02 

0.25 

0.29 

26 

Yes 

21,808 

9,486 

0.02 

0.25 

0.3 

26 

Yes 

21,808 

9,486 

0.03 

0.23 

0.3 

26 

Yes 

PANEL B: Country level (i) (ii. ) (iii) (iv) (v) 

Short sales allowed and practiced -0.543 -0.364 0.014 -0.209 -0.025 

(2.39)** (1.86)* (0.05) (0.75) (0.09) 

DOECD -0.608 -0.618 -0.562 

(3.24)*** (2.69)*** (2.27)** 

Ln(Supply) -0.051 0.010 

(0.62) (0.12) 

Fee(%) 0.121 0.094 

(2.93)*** (2.15)** 

ADRO 0.781 0.460 0.750 0.992 0.688 

(2.21)** (1.28) (2.00)** (2.98)*** (2.16)** 

ADR1 0.369 0.316 0.353 0.623 0.447 

(1.42) (1.33) (1.27) (1.80)* (1.39) 

(Continues next page... ) 
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Table 3.8: Continued 

Zero-return weeks fraction 

Ln(number of stocks) 

-0.054 

(1.87)* 

0.036 

(0.42) 

-0.067 

(2.28)** 

0.029 

(0.38) 

-0.052 

(1.41) 

-0.055 

(0.63) 

-0.007 

(0.18) 

0.006 

(0.05) 

-0,038 

(0.99) 

-0.028 

(0.27) 

Mean(Dependent) -1.61 -1.61 -1.97 -1.97 -1.97 
StDev(Dependent) 0.76 0.76 0.67 0.67 0.67 

Observations 259 259 72 72 72 

No. of Companies 46 46 36 36 36 

R2 within 0.23 0.23 0.21 0.29 0.27 

R2 overall 0.29 0.4 0.47 0.37 0.48 

R2 between 0.36 0.54 0.56 0.39 0.54 

No. of countries 34 34 26 26 26 

Year FE Yes Yes Yes Yes Yes 

* The panel regressions are estimated using GLS random effects with. robust (Huber/White/sandwich) 

standard errors. The R. 2 coefficients are transformed using In[R'-'/(i- R2)1. Each firm-year must have 

at least 50 weekly return observations and less than 10 weeks with zero returns. Furthermore, every 

country-year needs at least 16 companies. Regressions (i) and (ii) include yearly data from 2000 to 

2005, but regression. (iii) uses yearly data just for 2005 and 2006. Panel A is estimated at the security 

level, while Panel B is estimated at the country level, in which the dependent variable is weighted using 

Total Sum of Squares [see Bris, Goetzmann, and Zhu (2006)]. The T-statistics are reported in parentheses 

and significance levels are indicated as follows: *=statistical significance at the 10% level; **=significant 

at the 5% percent level, ***=significant at the 1% level. 
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Table 3.9: Skewness 
The panel regressions are estimated using GLS random firm-effects with robust (Huber/White/sandwich) standard 
errors. Each firm-year must have at least 50 weekly return observations and less than 10 weeks with zero returns. 
Furthermore, every country-year needs at least 1.6 companies. The lending supply data are from 2004 and 2005 and 
covers 26 different countries. Raw skewness is based on weekly stock returns, while abnormal skewness uses the 
residuals of a market-model equation. The T-statistics are reported in parentheses and significance levels are indi- 
cated as follows. *=statistical significance at the 10% level; **-significant at the 5% percent level; ***=significant 

at the P% level. 

Mean St. dev, Skewness abnormal 
(i) (ii) 

Skewness raw 
(i) (ii) 

Ln(Supply) 0.28 1.21 -0.069 -0.072 -0.064 -0.073 
(5.31*** (7.92)*** (4.90)*** (7.33)*** 

Fee (% p. a. ) 0.85 1.27 0.007 0.008 0.001 0.007 
(0.64) (1.00) (0.10) (0.83) 

ADR. or GDR 0.06 0.24 -0.013 -0.040 -0.010 -0.029 
(0.29) (1.26) (0.21) (0.84) 

Ln(Book to market) -0.15 0.73 -0.051 -0.049 
(2.86)*** (2.69)*** 

Leverage 0.16 0.18 4075 -0.034 
(1.08) (0.50) 

Ln(Market cap) -0.12 1.47 -0.009 -0.007 -0.020 -0.014 
(0.93) (1.09) (2.15)** (2,04)** 

Zero-return weeks fraction 0.03 0.03 0.940 0.973 0.986 1.065 
(2.15)** (3.26)*** (2,22)** (3.43)*** 

Mean(Dependent) 0.16 0.15 0.10 0.09 

StDev(Dependent) 0.96 0.96 0.91 0.93 

Observations 7,501 14,055 7,501 14,055 

No. of companies 4,423 8,709 4,423 8,709 

R2 within 0.01 0.01 0.01 0.01 

R2 overall 0.07 0.07 0.07 0.07 

R2 between 0.10 0.09 0.09 0.08 

Country-year FE Yes Yes Yes Yes 
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Table 3.10: Kurtosis 
The panel regressions are estimated using GUS random firm-effects with robust (Huber. /White/sandwich) standard 
errors. Each firm-year must have at least 50 weekly return observations and less than 10 weeks with zero returns. 
Furthermore, every country-year needs at least 16 companies, The lending supply data are from 2004 and 2005 
and covers 26 different countries. Raw kurtosis is based on weekly stock returns, while abnormal kurtosis uses the 
residuals of a market-model equation. The T-statistics are reported in parentheses and significance levels are indi- 

cated as follows: *=statistical significance at the 10% level; **=significant at the 5% percent level; ***=significant 

at the 1% level. 

Mean St. dev. Kurtosis abnormal 
(1) (ii) 

Kurtosis raw 
(i) (ii) 

Ln(Supply) 0.28 1.21 -0.018 -0.043 -0.058 -0.111 
(0.32) (1.13) (1.02) (2.44)** 

Fee (% p. a. ) 0.85 1.27 0.135 0.118 0.168 0.133 
(2.95)*** (3.42)*** (3.56)*** (3.63)*** 

ADR or GDR 0.06 0.24 0.235 0.259 0.214 0.328 
(1.16) (1.75)* (1.02) (1.93)* 

Ln(Book to market) -0.15 0.73 0.124 0.098 
(1.72)* (1.29) 

Leverage 0.16 0.18 0.166 0.266 
(0.57) (0,92) 

Ln(Market cap) -0.12 1.47 -0.215 -0.186 -0.248 -0.253 
(5.17)*** (6.53)*** (5.92)*** (8.40)*** 

Zero-return weeks fraction 0.03 0.03 6.319 6.750 7.486 7.771 
(3.08)*** (4.94)*** (3.52)*** (5.37)*** 

Mean(Dependent) 2.31 2.27 2. IU Z. i'+ 

StDev(Dependent) 3.77 3.86 3.74 3.95 

Observations 7,501. 14,055 7,501. 14,055 

No. of companies 4,423 8,709 4,423 8,709 

R2 within 0.01 0.01 0.01 0.01 

R2 overall 
0.03 0.03 0.03 0.04 

R2 between 0.03 0.03 0.04 0.05 

Country-year FE Yes Yes Yes Yes 
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Table 3.1: 1: Frequency of Extreme Events 
The panel regressions are estimated using GLS random firm-effects with robust (Huber/White/sandwich) standard 
errors. Extreme Down is the proportion of weekly returns in a given year that are two standard deviations below 
the previous year's average. Extreme Up is the proportion that are two standard deviations above the previous 
year's average. Each firm-year must have at least 50 weekly return observations and less than 10 weeks with zero 
returns. Furthermore, every country-year needs at least 16 companies. The lending supply data are from 2004 and 
2005 and covers 26 different countries. T -statistics are reported in parentheses and significance levels are indicated 

as follows: *=statistical significance at the 10% level, **=significant at the 5% percent level; ***=significant at 
the 1% level. 

Ln(Suppiy) 

Fee (% p. a. ) 

ADR or GDR 

Ln(Book to market) 

Leverage 

Ln(Market cap) 

Mean St. dev. 

0.34 1,17 

0.80 1.20 

0.06 0.24 

-0.16 0.71 

0.16 0.18 

-0.05 1.45 

Zero-return weeks fraction. 0.02 0.03 

Extreme Down 
(i) (ii) 

-0.01.0 0.040 
(0.30) (1.06) 
0.050 0.010 
(1.27) (0.48) 

-0.250 -0.350 
(1.79)* (3.46)*** 
0.270 

(4.1 1)*** 
0.170 
(0.69) 

-0.050 -0.080 
(1.63) (3.21. )*** 

-3.520 -3.740 
(2.06)** (3.42)*** 

Extreme Up 

(i) (1z) 
-0.070 -0.090 
(1.35) (2.73)*** 

-0.050 -0.040 
(1.26) (1.35) 

-0.110 -0.290 
(0.63) (2.44)** 
0.010 
(0.20) 
0.000 
(0.02) 

-0,140 -0.150 
(4.09)*** (6.35)*** 

-0.360 -1.580 
(0.18) (1.30) 

Mean(Dependent) 0 . 
02 0.02 0.02. UM-5 

StDev(Dependent) 0.023 0.025 0.024 0.025 

Observations 7,057 12,516 7.057 12,516 

No. of companies 4,186 7,651 4,186 7,651 

R2 within 0.08 0.08 0.10 0.09 

R2 overall 0.08 0.08 0.07 0.08 

R2 between 0.07 0.07 0.04 0.07 

Country-year FE Yes Yes Yes Yes 

156 



Chapter 3: Price Efficiency and Short-Sale Constraints 

ý, Oy cUj 

4) 
yO 

CD 

m ce c cn 
ti) 

y 

N +r -m. taw 

(M -0 rA (A 

OIy cj J IU -ON 4o, 

SyüNU ýy" 

i- III Wöö 

U) 4) d *^ G. ~ Cad 
j-U Q) +ý'ý y ý"+ rn 

C 
cý yO t~ 

s~ ;O 

. U) 
:i (U c1 .GW 
u 

.D v-: yd 
^r- 

cn dy cý 

JO V) 
:a cr, (Z 

ce = :Z9.1 

i-' .-yy lyr 

xr-G Q) O 
Q. """. 

u 
zn c> 0 S. * r, e> - 

yyÜk 
kri 

j+ 
s' vUi O r'' rn U) ^QdOÜ 

d ry O- Cý NU` > v: 

;rOý c6 
iOdv 

-V 
,U- 

O Z Cl 
-- -tz QA cG ci 

O 
WÖ can 

y U) 
J 

2 CS +i-+ 03 cßä 
Cy Ci =yP 

e*! ce CD- re p +` va nwv, -r- 

vA 
= ce N 
,: + y C. 

- 

ýl Uv CZ > 
E 

c3 C 
v 

OU 
V. 9 

} r 

v 

G 
Q 

t 
C 

C 

5 

f 

f 

i 
i 

i 

äý 
> a; 

t: I 

aý 

C 
y 
U 
L 

O 

CNY 

n_ 
C'3 
U 

bI) 
.N 
l 

* 

Q) 

r7' G) 

e- IIo 

a 

v 
's 

ýý 

il 

Ckr) C-C -Cä Dý *K, 0-- cn oInp-tocýoýnpopýt aooýooo v O rf ý" y p" pN Cq NppO rý tY ^J O r, ý OOO 

VM O vý pNÖ '= "U Ö* 
OO1, - ppp %) O C) O0 OOV 

dOOppNOOCOc, OOO 
N 

CIO 
CC, 

o p 'tl 
MÖN0, 

ON1 OOO eý ._Ö p 

pp6Np 
I 

NM000 
00 N 

' OOO '10 1- , J Op ("1 0a O'o c) 00 O 
- <: Cl Opo7 p `% 

a ,^ C- 
Chi p `^ MOOD p 

WO -- O 
Ný 

^N CO 
NMV 00 r- Ö Cl OÖ p M I` 

Nom/ C V) 
. -+ N Co NO 

00 Op pQO 
1 ß 

, 'ý Vr M JOO 
W Q 

N 

ýy ,n tý NM -- 
' d Gý O 

. -r cr) O cn A N N, O( 

` 

oO-N 4) 

7M QCp Oi 
cr 'O MON `^ 

rA re) 
N ^pOÖOÖ 

Cl 
Ml 

r1 `D [ý O 
Oý 

clv 
QpOOc. 

O5O 
.-O p j Cý j 

ONO 
Cý O /" 

`ý OD r^ rý p .ý C Nr 

ýc 

äo J oN 
o ný°GO nör! ö°. 

'Oý ý 
Oýýýý} JO 
JM 

.i 
rJ p ý', NO '- Cý 4 w 

U-cc 
GO r-l 

r, 

Co Cr) NNNý 

QOO ýJ pO 

^ r^ cn CA 
SJ VÜ 

hi 

I- 
I 

~ - N 
C%2 a Q Sý ONNN 

157 



Chapter 3: Price Efficiency and Short-Sale Constraints 

Table 3.13: Robustness with respect to time period 
The panel regressions are estimated using GLS random firne-effects with robust (Huber/White/sandwich) standard 
errors. We estimate individual coefficients for Ln(supply) and Fee in a balanced panel of two periods. Period 1 
goes from March 24,2004 to March 23,2005 and Period 2 from July 13,2005 to June 28,2006. The regressions 
include the same control variables as the base specification (ii) in tables 3.5-3.11. Other coefficients are not 
included to preserve space. The R2 coefficients are transformed using ln[R2/(1-R2)]. Correlations are transformed 
using Cross-correlation=ln[(p± 1)/(1-p)]. Extreme Down is the proportion of weekly returns in a given year that 
are two standard deviations below the previous year's average. Each firn-year must have at least 50 weekly return 
observations and less than 10 weeks with zero returns. Furthermore, every country-year must have at least 16 
companies. T -statistics are reported in parentheses and significance levels are indicated as follows: *=statistical 

significance at the 10% level; **=significant at the 5% percent level; ***=significant at the 1% level. 

Ln(supply) Fee 
Dep. Variable Period 1 Period 2 Period 1 Period 2 
R2 0.026 0.075 -0.109 -0.044 

(1.65)* (4.15)*** (6.91)*** (3.13)*** 

Corr -0.008 -0.010 0.024 0.011 
(2.18)** (2.15)** (6.18)*** (3.16)*** 

DI -0.001 -0.020 0.021 0.001 
(0.34) (5.59)*** (6.94)*** (0.19) 

D2 0.002 0.001 0.015 0.001 
(0.83) (0.26) (5.71)*** (0.22) 

D3 0.002 0.001 0.013 0.000 
(0.91) (0.36) (6.17)*** (0.09) 

Skewness abnormal -0.069 -0.091 0.015 -0.009 
(4.95)*** (5.55)*** (1.23) (0.63) 

Skewness raw -0.067 -0.096 0.017 -0.019 
(4.71)*** (5.36)*** (1.27) (1.20) 

Extreme Down -0.001 0.003 0.001 0.000 

(1.58) (5.15)*** (1.96)** (0.11) 
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Table 3.14: Robustness with respect to measurement error 
The panel regressions are estimated using GL. S random firm-effects with robust (Huber/White/sandwich) standard 
errors. Each year the sample is split into three parts ("Low", "Medium", "High") based on the coefficients of 
variation of either Ln(Supply) or Fee for each week. The coefficients for each variable are then estimated separately 
for each group in a single regression. The regressions include the same control variables as the base specification 
(ii) in tables 3.5-3.1 1. Other coefficient estimates are not included to preserve space. The R2 coefficients are 
transformed using ln[R2/(1-R' )]. Correlations are transformed using Cross-correlation=ln[(p+1)/(1-p)). Each 
firm-year must have at least 50 weekly return observations and less than 10 weeks with zero returns. Furthermore. 
every country-year must have at least 16 companies. The lending supply data are from 2004 and 2005 and covers 
26 different countries. T -statistics are reported in parentheses and significance levels are indicated as follows: 
*=statistical significance at the 10% level; **=significant at the 5% percent level; ***=significant at the 1% level. 

Dep. Variable Low 
Ln(Supply) 

Med. High Low 
Fee 

Med. High 
R2 0.070 0.109 0,121 -0.066 -0.070 -0.065 

(4.10)*** (6.51)*** (8.36)*** (5.85)*** (4.25)*** (4.23)*** 

Corr 0.005 -0.012 -0.012 0.010 0.011 0.004 
(1.23) (3.30)*** (3.67)*** (3.79)*** (2.82)*** (1.25) 

D1 -0.011 -0.020 -0.022 0.010 0.012 0.012 
(3.21)*** (5.88)*** (7.42)*** (4.68)*** (3.37)*** (3.60)*** 

D2 -0.006 -0.019 -0.017 0.007 0.008 0.010 
(2.51)** (7.67)*** (8.05)*** (4.69)*** (3.36)*** (4.04)*** 

D3 -0.006 -0.018 -0.015 0.007 0.008 0.010 
(2.36)** (7.39)*** (7.71)*** (4.99)*** (3.45)*** (4.17)*** 

Skewness abnormal -0.041 -0.078 -0.079 0.017 -0.033 0.014 
(3.00)*** (5.43)*** (6.29)*** (1.. 87)* (2.24)** (1.08) 

Skewness raw -0.035 -0.075 -0.086 0.017 -0.038 0.010 

(2,51)** (5.00)*** (6.14)*** (1.86)* (2.49)** (0.71) 

Kurtosis abnormal -0.093 -0.024 -0.032 0.130 0.127 0.078 

(1.58) (0.44) (0.57) (3.35)*** (1.99)** (1.66)* 

Kurtosis raw -0.143 -0.081 -0.116 0.137 0.152 0.106 

(2.37)** (1.41) (1,65)* (3.39)*** (2.23)** (2.11)** 

Extreme Down -0.002 0.001 0.001 0.000 0.001 0.001 

(3.31)*** (2.05)** (1.58) (1.01) (2.32)** (1.77)* 

Extreme Up -0.002 -0.002 0.000 -0.001 0.000 0.000 

(3.39)*** (4.00)*** (0.40) (1.81)* (0.18) (0.47) 
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Table 3.15: Robustness with respect to geographic region 
The panel regressions are estimated using GLS random firm-effects with robust (Huber/White/sandwich) standard 
errors. The regressions include the same control variables as the base specification (ii) in tables 3.5-3.11. The 
coefficients on Ln(supply) and Fee are estimated separately depending on which country the observation belongs 
to. Other coefficient estimates are not included to preserve space. The R2 coefficients are transformed using 
ln(R2/( l-R2) ), Correlations are transformed using Cross-correlation=ln((Corr+1)/(l -Corr)). Each firm-year must 
have at least 50 weekly return observations and less than 1.0 weeks with zero returns. Furthermore, every country- 
year must have at least 16 companies. The lending supply data are from 2004 and 2005 and covers 26 different 
countries. T-statistics are reported in parentheses and significance levels are indicated as follows: *=statistical 

significance at the 10% level; **=significant at the 5% percent level; ***=significant at the 1°ßö level. 

Ln(supply) 
US Non US 

Fee 
US Non US 

R2 0.148 0.052 -0.075 -0.073 
(10.29)*** (3.37)*** (4.46)*** (6.00)*** 

Corr -0.010 -0.007 0.004 0.012 
(3.01)*** (2.00)** (1.10) (4.37)*** 

D1 -0.027 -0.009 0.011 0.013 
(9.10)*** (2.99)*** (3.42)*** (5.14)*** 

D2 -0.021 -0.008 0.007 0.010 
(9.60)*** (3.89)*** (3.06)*** (5.72)*** 

D3 -0.019 -0.008 0.006 0.010 
(9.17)*** (3.98)*** (3.08)*** (5.87)*** 

Skewness abnonnal -0.052 -0.094 0.010 0.003 
(4.14)*** (8.25)*** (0.65) (0.28) 

Skewness raw -0.057 -0.091 0.014 0.000 
(3.98)*** (7.76)*** (0.84) (0.01) 

Kurtosis abnormal 0.133 -0.252 0.146 0.062 
(2.48)** (5.06)*** (2.29)** (1.55) 

Kurtosis raw -0.006 -0.238 0.178 0.085 

(0.08) (4.57)*** (2.60)*** (2.00)** 

Extreme Down 0.001 0.000 0.000 0.000 

(1.38) 0.00 (0.60) (0.90) 

Extreme Up 0.000 -0.002 -0.001 -0.001 
(0.13) (3.53)*** (1.29) (1.25) 
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Figure 3.1: Total Supply of Equities 
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This figure shows the total supply of equities available in the database from January 2004 to June 2006. 
The left axis display the number of different stocks and the right the total value in trillions of US dollars. 

Figure 3.2: Distribution of yearly VW borrowing fee averages 
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This figure contains the distribution of yearly average borrowing fees in basis points per year. The vertical 

axis contains the frequency of firms with yearly average value-weighted borrowing fees in each interval 

reported in the horizontal axis. 
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Figure 3.3: Distribution of supply (% of firm size) 
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This figure contains the distribution of supply as a percentage of firm size for fines present on the 
database on June 28,2006. The vertical axis contains the frequency of firms with yearly average lending 

supply in each interval reported in the horizontal axis. 

Figure 3.4: Fees and Utilization around dividend payments 
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This figure shows borrowing fees and lending volume for each week around dividend payments from 

January 2004 to June 2006. 
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