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ABSTRACT

This paper investigates the effect of short-sale constain price efficiency. We use a unique global
dataset on equity lending collected from several custadfemm January 2004 to June 2006. This
information is available weekly for 17,015 stocks from 2@ictries. Our main findings are as follows.
Stocks with limited lending supply and high borrowing feespond more slowly to market shocks.
Second, short-sale constraints have a small impact on strébdtion of weekly stock returns. Limited

lending supply is associated with higher skewness, but itbtfewer extreme negative returns. Third,

stocks with limited lending supply and higher borrowingsege associated with lowePRon average.
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Introduction

Price efficiency is defined as the degree to which stock priefisct all available information, both
timely and accurately. This paper uses data on equity Ignslindies whether short-sale constraints
affect the efficiency of stock prices around the world. Thisimation is collected from several custo-
dians, containing over 85.7 million lending supply possiragd 46.4 million lending transactions from
January 2004 to June 2006. The data cover 17,015 indivitoeksin 26 markets and contain lending
supply and lending transactions for more than 90% of glotmaks in terms of market capitalization,
making it, to the best of our knowledge, the most comprekeraternational data on stock lending.

For each of these stocks and for each week in our sample, wputertwo measures of short-sale
constraints: the supply of shares available for shortrgetnd the borrowing fee. Our main findings
are as follows. First, short-sale constraints are assatiafith lower price efficiency. In general,
stocks with limited lending supply and high borrowing feespond more slowly to market shocks.
Second, short-sale constraints affect the distributiowexkly stock returns. A limited lending supply
is associated with higher skewness, but not with kurtosiess frequent extreme negative returns. The
observed relationship with skewness seems to come frongekan the frequency of large positive
returns rather than in the frequency of large negative mstuirhis mitigates regulatory concerns that
removing short-sale constraints increases the frequehcyashes at the stock level. Third, stocks
with limited lending supply and higher borrowing fees areamsated with lower Rs. This finding
challenges the view that low?R are associated with higher price efficiency, contrary sults by
Morck, Yeung, and Yu (2000) at the country-level.

The impact of short-selling on price efficiency still remmian open question. Fears that it was
one of the factors behind the crash of 1929 prompted the SBGdpt short-sale restrictions under the
Securities Exchange Act of 1934. Since then, the SEC and $ 1€ dhgress have regularly released
reports on short-sales and their impact on stock prices00d 2he SEC proposed changes in regulation
to relax short-sale constraints, launching a pilot progtaravaluate their effects. The Pilot Program
began on May 2nd, 2005 and was scheduled to end on April 2806 But the SEC decided to extended
it until August 6th, 2007.



“The Pilot will enable us to obtain empirical data to help ass whether short sale regu-
lation should be removed, in part or in whole, for activelgeted securities, or if retained,
should be applied to additional securities. (...) We wikenne, among other things, the
impact of price tests on market quality (including vola&ileand liquidity), whether any
price changes are caused by short selling, costs imposedhbgatest, and the use of al-
ternative means to establish short positionSécurities Exchange Act Release No. 50104

(July 28th, 2004)

An interesting example on how short sale constraints caeciafiow efficiently prices respond
to information is provided by Northern Rock Plc, a UK mortgdgnder that was severely hit by the
turbulence in credit markets seen in 200Tn September 17th, 2007, the bank was given an emergency
loan by the Bank of England and a British government guaeaoidts deposits, following an investors’
run on its deposits because of difficulties faced by the bamaising funds to finance its operations.
After a period of uncertainty the company began to search fmryer for its operations. Bidders were
expected to submit their offers by Friday, November 16themvits share price closed at 132.6 pence,
valuing the bank at $1.2 billion. Before the opening of trecktmarket on Monday November 19th,
news broke out at 7:30am that the company released a stdtsay@ng that'the range of values for
the existing equity implied by the proposals is materiaéjolv the market price at the close of business
on Friday, 16th November 2007”

As can be seen in Figufé 1, prices did not exhibit a quick félewthe market opened, taking
almost an hour to stabilize. An explanation for this slowpasse to the news could come from the
lending market of Northern Rock’s shares. Since Octoben, IXrrowing Northern Rock shares for
has been very difficult, with utilization (the fraction ofil@ing supply already loaned out) above 80%
and annualized borrowing fees around 1000 basis point9.(AgEs is in sharp contrast to how the
lending market on Northern Rock shares appeared beforethpany’s troubles begun, when average
utilization was around 20% and annualized borrowing feeevaaly around 10 bps. Furthermore, it
compares to an average utilization for the UK stock marketlzale equal to 9.9% and an average an-

nualized (value-weighted) borrowing fee equal to 67 bpsstask lenders begun to sell their holdings

1We are grateful to Will Duff Gordon for highlighting this exgple.
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in the aftermath of the bank run, it became increasinglyadiiffifor investors to borrow shares to sell
Northern Rock short, which might explain the sluggish resgoto news reported during the weekend

that bidders valued the firm much less than implied by theidpsiarket price on November 16th.

[Figure[d about here]

The example above highlights the importance of empiricakvetudying the impact of the stock
lending market on price efficiency. We begin our analysis @ystructing two measures of short-sale
constraints: the supply of shares available for lending thedoorrowing fee. Whenever an investor
wishes to short a particular firm, she first needs to locateeshaf the firm to borrow. Thus, a low
lending supply indicates that short-sales constraintbeaing more tightly, as the investor needs to
bear higher searching costs to locate the shares [Duffide&@mar, and Pedersen (2002)]. Furthermore,
even if the investor finds them, she would still need to corsptnthe lender by paying a borrowing fee.
The higher is this fee, the tighter short-sales constrdatded by the investor will also be. However,
an increase in the fee (i.e. the price of shorting) could béodeither (1) an increase in the demand
for shares, related to private information or (2) a decréaghe supply available for lending. Thus,
higher borrowing fees accompanied by a larger lending supisbhares do not necessarily imply that
short-sale constraints are tighter. As shown by Cohen.hBieand Malloy (2007), borrowing fees
are not a sufficient statistic and it is important to diffdiet® between shorting demand and shorting
supply whenever testing for the impact of short-sales caimgs.

The availability of stock-level information on short-salenstraints enables us to control for any
effects on price efficiency that come from differences axmmmuntries due to different the regulatory
environments, levels of financial development and leveis@dme. We show that the lending supply
contains information above and beyond that contained irolding fees and that lower levels of price
efficiency are associated with low lending supply and higirdwing fees. Our paper also contributes
to the literature by providing a comprehensive overviewndéiinational stock lending markets and the
determinants of lending supply and borrowing fees. To trst bour knowledge, this paper is the first
to test the impact of short-sales constraints on price effwyj at the stock level for such a wide range

of firms and countries.



Our analysis proceeds as follows. We estimate panel regnssto explain cross-sectional differ-
ences in price efficiency using both stock lending measwsgs@ies for short-sale constraints. Our
dependent variables comprise various proxies of priceiefity previously used in the literature. First,
we use the correlation between contemporaneous stockisednd lagged market returns [Bris, Goet-
zmann, and Zhu (2007)]. Ranking stocks by lending supplyfimeethat the lowest decile of firms has
a 45% expected difference between the highest and loweist défirms due to differences in lending
supply and borrowing fee.

Then, we consider the three measures of stock price delal/meélou and Moskowitz (2005).
We estimate a regression of weekly stock returns on the ggrieaneous returns of a world index, a
domestic index and four lags of the domestic index. We thegstienate this equation imposing the
constraint that coefficients of lagged domestic returngzare. The first delay measure (D1) compares
the difference in Rs from these two regressions, with higher values of D1 inmgjythat a stock has
higher delay in responding to new market information. Otlatations of the delay measure yield the
same result: lower lending supply and higher borrowing resassociated with smaller efficiency of
stock prices.

A third measure of efficiency is the’Rof a market model regression. This measure has gained
support in recent years as a proxy for efficiency, witw R?s levels generally being associated with
better levels of governance and financial developement Marck. Yeuna. and Yu (2000), Durney,
Morck, and Yeung (2004), Li, Morck, Yang. and Yeuna (2000r results, however, show that stocks
in the upper decile of lending supply havésRwhich are more than 60%rger than those of stocks
in the lower decile, consistent with results found by Ke®005%), Hou, Peng, and Xiong (2006) and
Teoh, Yang. and Zhanqg (2006).

Our evidence on the relationship between short-sales reamist and R levels is opposite to the
evidence found by Morck, Yeung. and Yu (2000) and Bris, Goetzn, and Zhu (2007) at the country-
level. However, Bris, Goetzmann, and Zhu (2007) cleverlyoadte using the difference from the
co-movement between a firm’s returns and the market depgmdlirthe sign of the market return (i.e.
Down R’s minus Up R). Regardless of whether short-sales constraints are iagstavith higher

or smaller levels of idiosyncratic risk, their insight isatithe difference in Bs should decrease with



fewer constraints, with prices on bad market-news daysrhagprelatively more efficient than those
in good market-news ones. Using this measure, our proxiskarf-sales constraints produce the same
conclusions.

Our contribution to this debate is to show that great carelshoe taken when using firms”R as a
measure of efficiency. At the security-level, the data supe view that price efficiency is associated
with higher R’s, not less. It seems that the changes due to fewer short@adtraints affect B in
the opposite direction to that caused by increases in thaesflly of corporate investment [Durnev,
Morck, and Yeung (2004) and Chen, Goldstein, and Jiang 2Gf7transparency [Jin and Mvers
(2006)]. Even in countries where regulators allow shollirgeto take place, price efficiency is still
affected by how easily a particular firm can be located andogad on its lending markets.

We also compute various characteristics of the distrilputiostock returns to test whether short-sale
constraints increase the likelihood of crashes: skewrfessekly stock returns, kurtosis, the frequency
of large negative returns, and the frequency of large pesigturns. Similar to Bris, Goetzmann, and
Zhu (2007), the frequency of large negative returns is cdaetpas the proportion of returns that are
two standard deviations below the previous year’'s averdganking stocks by lending supply, the
difference in raw skewness explained by lending supply betwfirms in the bottom and the top decile
is 98%, with the actual value for firms in the bottom decileada 0.34 and in the top decile equal to
0.02. However, we cannot find significant differences in tiegdiency of large negative returns based
on our two proxies.

All these effects are economically large and allow us to katethat short-sale constraints hinder
price efficiency, but do not affect the frequency of stoclc@rerashes. These findings can be used
to mitigate regulatory concerns that removing short-salestraints makes prices more efficient at the
expense of increasing the frequency and severity of staaghess. The conclusions hold for US and
non-US firms, for different time-periods and are robust tatads for firm size, leverage, liquidity
and whether a firm has American Depositary Receipts (ADR&lobal Depositary Receipts (GDRS)
issued, respectively, in the US or the UK. The results am@ralsust to possible measurement errors in
our proxies short-sale constraints and to alternativeipations of lending supply an borrowing fee.

Furthermore, results remain the same when we constrairathpls to US firms and add as additional



control variables turnover, ILLIQ (Amihuc (2002)'s proxwprf liquidity) and a dummy for whether
options are available.

The rest of the paper proceeds as follows. Section | contaireview of the literature. Section
Il describes our hypotheses and the measures of price afficieSection Ill describes the data and
our measures of short-sale constraints. Section IV remantsempirical results. Finally, section V

concludes.

|. Literature Review

It is generally accepted that short-sale constraints taffexefficiency of security prices [e.q. Miller
(1977), Diamond and Verrecchia (1987). Duffie. Garleand. RBederser (2032) and Bai, Chang, and
Wang (2006)]. The main conclusion is that prices may no loimgmrporate all available information,
whenever agents have heterogeneous beliefs but are prdvieam fully reflecting their beliefs on
prices. Miller (1977) argues that short-sale constrairtspkpessimistic investors out of the market,
causing prices to be biased upwards because they only rédfeeealuations of the more optimistic
investors who trade:. Diamond and Verrecchia (11987) devalomdel in which short-sale constraints
eliminate some informative trades. Prices are not biaseaigs, but become less efficient when re-
strictions are in place, as they reduce the speed of adjnstmerivate information. Duffie, Garleanu,
and Pedersen (2002) develop a model in which search costsaagdining over borrowing fees gen-
erate endogenous short-selling constraints and affeet pgses. In our case, the lending supply of
shares could be interpreted as a proxy for the cost of se&ychin a recent paper, Bai, Chang, and
Wang (2006) show that short-sale constraints can actualer asset prices and make them more
volatile. This happens because the loss in the informagis®iof prices due to fewer informed investors
increases the amount of risk borne by uninformed investains, require lower prices as compensation
to bear extra risk. Thus, regardless of whether short-gaistraints have positive or negative impact
on prices, these papers imply that these constraints rettiec@formational efficiency of prices, i.e.
they no longer reflect all available information.

Empirical evidence of the impact of short-sale constradntgrice efficiency is mostly concentrated

on US stocks. High short interest (i.e., high number of staeddd short as a fraction of total shares



outstanding) is generally interpreted as evidence of sdaé constraints and many papers show that
stocks with high short interest exhibit lower subsequetuir D’Avolio (2002) describes the market
for borrowing and shows that the cost of short-selling alsischigh exactly at times when investor
disagreement is also high, indicating that prices will ndlyfreflect negative information. Similarly,
Reed (2003) studies rebate rates in the equity lending maska proxy for short-sale constraints and
shows that stock prices are slower to incorporate inforwnatthen borrowing fees are high. However,
most of these papers rely on indirect measures of shortesaigtraints or a very restricted sample of
lending data. An important benefit of our measures is that tag avoid these shortcomings. For
instance, high short interest might be due to increaseaWwarg demand reflecting investors’ negative
views about the stock that are unrelated to short-sale r@ntst, or be due to a fall in the supply of
shares available for lending resulting in short-sale cairgs. We estimate short-sales constraints by
using the supply of shares available for lending and theo@ong fee. Furthermore, previous studies
which use borrowing fees are all based on data from a singitodian. Custodians provide various
services to prime brokers and have different pricing sgiate Thus, data from a single custodian may
not be representative of the average lending ;Hiﬁmr data contains information from more than 10
custodians and therefore allows us to compute representetimates of the average borrowing fee.
International evidence on the relationship between staid-constraints and price efficiency is rare
due to the difficulty in obtaining good proxies for shortesabnstraints, especially at the security level.
One exception is Bris, Goetzmann, and Zhu (2007), who usdatgy information on whether short-
selling is prohibited or practiced in 46 different counsti@ hey conclude that stock prices in countries
with constraints in place are less efficient than those wimeestors are allowed to short stocks. Our
proxies for short-sales constraints are of a differentnesdind contain information about how individual
firms, rather than countries, are affected. Chang. ChembY&(2006) focus on regulatory restrictions
to short-sell individual stocks in Hong Kong and find that stoaints tend to cause overvaluation and
this effect is more dramatic for stocks with wide dispersadrinvestor opinions. We contribute to

the literature on price efficiency in international markieysshowing (i) that the negative relationship

“Figlewski and Wekk (1993). Desai. Ramesh. ThiagaraianBatachandrar (2002). Asauith, Pathak. and Ritter (2004),
Diether, Lee. and Werrer (200!5). Boehmer. Jones. and .ZI#8i5), Boehmne. Danielsen. and Sorzscu (2006) and Cohen,
Diether, and Malloy (2007)

3The average coefficient of variation of the borrowing feeg@jiven stock at a given point in time is about 0.5.
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between short-sale constraints and price efficiency isgs@ére across the world and (i) that firms’
lending market characteristics are also important to éxglbserved differences in price efficiency.

Our paper is also related to the literature about th@fRa market-model regression and its use as
a measure of efficiency [e.qa. Rcll (1988)]. Morck, Yeung, aad2000) document how stock markets
in poor countries have higher’Rrelative to rich ones and show it can be explained by thetfeatt
there are better property rights in richer countries. Jid Elvers (2006) advocate that these higher
R2s are caused by a lack of transparency in poorer countriegenWésh flows are better than what is
expected by outside investors, firm insiders can capturgteehiproportion of cash flows. If cash-flows
are below outsiders’ expectations, they are forced to rethis capture to keep running the firm. This
increases the proportion of idiosyncratic risk borne bydess, leaving outside investors subject to
relatively more systematic risk. This would imply that firmvgéh more short-sale constraints should
have higher Rs.

Our findings contradict this conjecture, as we find a negalagionship between short-sale con-
straints and Rs. More specifically, a higher supply of shares and low boimgviees are associated
with high R%s. Our results are in fact consistent with theoretical work\est (1988), who shows that
the volatility of stock returns decreases as informatioaualiuture cash-flows is incorporated more
quickly into prices. News affecting these future cash-flams factored into prices relatively earlier,
leading investors to update their beliefs sooner. Thisezawpdating makes the affected cash-flows to
be divided by a larger discount factor, reducing idiosyticrzolatility as a consequence.

Our empirical results for B are similar to US-based evidence found by Kelly (2005) gisive
breadth of ownership [Chen, Hong. and Stein (2002)] as aypiaxshort-sale constraints. In a recent
paper Teoh, Yang. and Zharig (2006) show that financial anesn@.g., accruals and post-earnings
announcement drift) are more pronounced for firms with Iotg.l-Hou. Peng. and Xiong (2C06) also
provides evidence that’R are negatively related to price momentum. The conflictiidemce from
these papers casts doubt on whether a lower proportion afyidcratic risk relative to total risk is

indicative of price efficiency in all cases.



II. Hypotheses and Measures of Price Efficiency

Our main hypothesis is that short-sale constraints deertrees information content in stock prices,
based on the theoretical work bv Miller (1977). Diamond aed®cchia (1987), Duffie, Garleanu, and
Pedersen (2002) and Bai, Chang. and Wang (2006). In ordestdt tve construct novel measures of
short-sale constraints and use them to explain variousgedar efficiency that have been proposed by
the literature.

The first measure of price efficiency is the cross-correfatietween current stock returns and
lagged domestic market returris [Bris, Goetzmann, and ZBQ7(@. In a given year, we compute
Corr(ris, mm—1), the correlation between weekly stock returns at tiraed domestic value-weighted
market returns at time— 1. However, this measure does not capture any correlatiamthandr,, ;1
might have with other omitted variables.

The second set of price efficiency measures addresses tiigrooand are based on Hou and
Moskowitz (2005). The idea behind these measures is thavéstors cannot fully incorporate infor-
mation in today’s stock prices, they will defer their acBmuch that this information is only gradually
reflected in prices. The price response delay is measured dranarket model regression extended
with lagged returns of a domestic market index. The largehésexplanatory power of these lags,
the higher is the delay in responding to information. Basedhis idea. Hou and Moskowitz (2C05)
propose three different measures of price delay and appiy tio evaluate frictions in the US stock
market. For each stock in a given year, we estimate a regres$ithe stock return in weekon the
value-weighted domestic index returns and its lagged salpeto four weeks ago plus the world index

return:

4
Pig = i+ B % g+ D 0i(—n) * Py n Vi kW Ei, 1)

n=1
wherer; ; represents returns of stockn weekt, r,, +—,, the corresponding value-weighted domestic
market return in week andry, represents the returns of the value-weighted world indexeakt.
All returns are expressed in terms of the domestic curreteyfocus on the impact of domestic market
news and only use lags of the domestic index.

The first delay measure, D1 compares the fraction of vaifgbil stock returns that is due to
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lagged market returns, by comparing thefRom the regression above with the one when coefficients

on lagged market returng;(—n ), are constrained to zero.

2
5™ —0,vnel1,4]
D1, =1-— 5 ey 2)

The larger is this measure, the greater is the variationdoksteturns captured by lagged market
returns, implying a higher price delay to market informatiébilowever, D1 does not take into account
the precision or magnitude of lagged market returns coefftsi and therefore we also compute two

additional delay measures:

4
> 10i(=n)]
Dy = "= ©
1Bil + ;1 6i(—=n)|

D3; = el , (4)
|Bil/se (Bi) + n; |0i(=n)|/se (0:(—n))

wherese(.) denotes the standard error of the estimated coefficienséelimeasures capture the magni-
tude of the lagged coefficients relative to the magnituddlafoefficients. We use the absolute values
of each coefficient, since price efficiency is reduced whey thre different from zero regardless of
their estimated signs. Hou and Moskowitz (2005) report thast coefficients estimated in their sam-
ple are either zero or positive for the portfolios they camst They also state that results are the same
when they use the absolute value of coefficients insteadulditase, it is crucial that absolute values
are used to compute the delay measures.

A third type of price efficiency measure, which has gainedpsuipin recent years, is the?Rof
a market model regression. Morck. Yeung, and Yu (2000) decurthat stocks in poorer economies
have less idiosyncratic risk (i.e., highef)Rhan stocks in rich countries and show how measures of
property rights can explain this difference, conjectutiingt stronger property rights result in relatively
more firm-specific variation in stock prices. Jin and Myer80€) suggest that country differences

in R?s are caused by lack of transparency, which limits the ghilfftoutside investors to monitor
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firm insiders. Their interpretation is that more opaquerssfs firm-specific risk from outsiders to
insiders, increasing &. The results that lower™R are associated with better governance and higher
transparency is also sezn Bris, Goetzmann, and Zhu (200ypsthesis. They construct a dummy
variable, based on market regulatory information and wers with government officials, indicating
whether short-selling is allowed and practiced in a giveantky in a given year. They show that
countries where short sales are allowed and practiced loswer IR levels and a smaller difference
in R%s between bad-news and good-news weeks that those in whachssiiing is forbidden or not
practiced. Contradictory evidence to their result can hendoin Kelly (2005). He shows that US
firms with low R’s tend to have tighter short-sale constraints, measuredthdmyges in the breadth of
institutional ownership proposed ov Chen, Hong, and S2092). Another finding is that firms with
higher bid-ask spreads, sensitivity to past market retanasliquidity also have lower . Given this
evidence that associates lowsRwith stocks generally seem to be less rather than moreegffjdt is
still an open question whether high or lowsindicate price efficiency.

Given the debate on the correct direction of the relatignbeiween short-sales constraints add R
levels, Bris, Goetzmann, and Zhu (2007) also propose ubmglitference from the co-movement be-
tween a firm’s returns and the market depending on the sigmeaftarket return, i.e. compute separate
R2s of market-model regressions using only bad market-rattgeks (Down R) and, similarly, the
R? for good market-return weeks (Up?Rand then take the difference. Regardless of whether short-
sales constraints are associated with higher or smalletsl@f idiosyncratic risk, their insight is that
the difference in Rs should decrease with fewer constraints, and prices dbeadgnarket-news days
become relatively more efficient than those in good markeisones.

Although most researchers would agree that relaxing sabetconstraints increases the speed upon
which prices reflect information, it is still relevant frompalicy perspective to test whether relaxing
them makes extreme negative price fluctuations more likegulators might not be willing to relax
short-sales constraints if that is the case. We use thresuresato investigate these claims: skewness,
kurtosis, and frequency of extreme returns.

Negative skewness means that the left tail of the returmildision becomes fatter. Diamond and

Verrecchia (19&7) hypothesize that short-sale consgrainbuld make returns less negatively skewed.
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Hong and Ste n (2003) argue that short-sale constraintpaaitively related to skewness through the
following mechanism: if constraints are relaxed, more jpais$ic investors re-enter markets to trade on
their beliefs. The return of these investors increaseskbiHood of negative returns. Our hypothesis is
that whenever short-selling is easier, prices reflect bagmaeore quickly, increasing the likelihood of
observing large negative returns. We compute skewnesg twmdifferent return measures. First, we
take weekly returns and compute their skewness for eachyf#anin the sample. Second, we estimate
a market-model equation with the domestic and the worldxné¢urns as factors and compute the
skewness of the residuals generated by this regression.

Short-selling has been blamed as a contributing factor taynceashes in the past, from the 1929
market crash to the Black Monday in 1987 [for further analysifer to Lamont (2003)] to the 1997
Asian crises. Thus, research on whether the frequency ofragt negative returns decreases with
short-selling constraints is very important to regulatofs further investigate how these constraints
affect the distribution of returns, we compute kurtosis #mel frequency of weekly returns that are
two standard deviations below (and also above) the avemagthé previous year. Combining the
results from skewness, kurtosis, the frequency of extrezgative returns and the frequency of extreme
positive returns allow us to disentangle which part of treriiution of returns (i.e., extreme negative
or extreme positive), if any, is being affected by shoresainstraints.

A concern that must be addressed is the causality of theareship. Our main hypothesis is that
inefficiency is caused by more stringent short-sales caimss. However, it is not possible rule out the
reverse order of causality, i.e., it could be the case tledtiaient stocks drive investors away from the
lending market, reducing lending supply and increasingdwang fees. We attempt to mitigate these
fears by performing robustness tests using lending supplybarrowing fees lagged by one year. Our
findings are unaltered and reinforce our claim that priceiefficy is reduced when investors face more

short-sale constraints.

[ll. Data Description

This section describes the data used to test our hypothégestart by describing our stock lending

data and our measures of short-sale constraints, followebebreturns data collected to estimate the
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price efficiency measures and the variables used to comrabther factors which might affect the

results.

A. Stock lending data

The stock lending data come from Data Explorers Limited civttollects this information from a sig-
nificant number of the largest custodians in the securiéedihg industrH The data comprise weekly
security-level information on the value of shares avaddbk lending and actual lending transactions
for equities from all over the world. It begins in January 2Ghd ends in June 2006, with coverage
growing rapidly during the sample period. In 2004 it consaimformation from 11 custodians, increas-
ing to 15 in 2006. Overall, the data set has a total of 85.7ianillending supply postings and 46.4
million lending transactions.

Figure[2 shows that the total value of supply in the dataseghawvn from USD 1 trillion in January
2004 to about USD 5 trillion in June 2006.

[Figure[2 about here]

A.1. Lending Supply

Stock lending supply reported by custodians equals theev@fighares available for lending at a given
point in time. Since the dataset has grown extensively siheebeginning of our sample, lending
supply has an upward drift for almost all securities. In ortbecontrol for this growth, we define
lending supply for security as the fraction of lending supply relative to market cajatdion and then

divide it by aggregate supply of shares available for legdina given week:

Supply,,
Market Capitalization
Aggregate Supply

“This includes ABN Amro, Mellon, and State Street among athehich we cannot name due to a confidentiality agree-
ment with Dataexplorer Ltd.
The dataset is on monthly frequency until July 2004 and besoneekly thereafter.

(5)

Supply, , =
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where: denotes stock antlstands for week. In the robustness section, we also showebalts still
hold if we use the residuals from a regression of supply orketarapitalization. For ease of interpre-
tation, Figurd B shows the distribution of supply as a fraactdf market cap for the week ending on
June 28, 2006. We can observe great variation in lendinglg@gposs firms, although they stocks do
not have any regulatory constraints on being sold short fiigihlights the usefulness of our measures

to pin down how short-sale constraints affect price efficyeon an individual stock level.
[Figure[3 about here]

Because our regressions are based on price efficiency neeasamputed at the yearly frequency,
we use averages of weekly measures for borrowing fees amdlyswjihin a year. Finally, we take the
natural logarithm of supply and winsorize the borrowing &&®.5% to limit the effect of outliers on
our results.

The data provide a direct estimate of the number of sharatablafor lending, regardless of
whether they are loaned out or not. In Cohen, Diether, andavl¢?007), they use short interest (i.e.
the percentage of total shares on loan) coupled with bongviges to detect shocks on supply and

demand.

A.2. Borrowing Fee

Each stock lending transaction comes with information antibrrowing fee and the currency used.
Fees can be divided into two parts depending on the type Gftecdl used. If borrowers use cash as a
collateral - the dominant form in the US - them the borrowiag s defined as the difference between
the risk free interest rate and the rate paid for the cobdtdf instead the collateral is non-cash then
the fee is negotiated between the borrower and the lendedefivted directly in basis points per year.

This can be expressed by the following equation:

. Fee,;: if non-cash collateral
Borrowing Feg , , = o _ ; (6)
” Riskfree rate — Rebate ratg; , if cash collateral

wheren denotes transactiorni, stands for security and denotes the week in which the transaction

appears in the dataset. Loans can further be divided intocttegories: open-term and fixed-term.
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Open-term loans are renegotiated every day, but fixed-teres tiave predefined clauses and matu-
rities. The overnight risk-free rate for the collateral remcy is used for open-term loans. The Fed
Open rate is used for loans with cash collateral denominiatédiS dollars and the Euro Overnight
Index average (EONIA) is used for the ones denominated in€urhe risk-free rate proxy for other
currencies is the overnight rate at London Interbank matl&OR) and local money market rates for
smaller currencies. Linear interpolation of LIBOR rateasgd for fixed-term loans in accordance with
conventions in the securities lending industry.

The borrowing fee is weighted by loan amount using the falhgnequation:

Ni ¢

Borrowing Feg, = ) _ |
) it

n=1| 5~ Loan amount ; ;
n=1

Loan amount ; ;

-Implied Feg ;| , (7)

wheren denotes transaction stands for security, denotes the week in which the transaction appears
in the dataset and/; ; is the total number of outstanding transactions for segcurih weekt. Value
weighting is used to limit the influence of small and expe@diansactions on the average borrowing
fee estima

Figure[4 plots the distribution of yearly value-weightedrowing fees. The figure shows that fee
levels vary considerably between stocks, with close to 68¥dobelow 60 bps per year. These stocks
are often referred by practitioners as “general collatetébwever, in 30% of the cases the fee is above
100 bps, which are referred to as “specials”. Furthermor% of the cases the borrowing fee reaches
levels above 400 bps. Thus, short-selling stocks can beredmsd due to high borrowing fees even

though stocks are registered in countries that allow slabess
[Figure[4 about here]

We also need to be careful in controlling for a widespreadtpre in the securities lending industry.

The transfer of stock ownership during dividend-paymemiools to investors with favorable dividend

®In unreported regressions we find that our results are evenggir if we use the reported reinvestment rate insteackof th
risk-free rate
"Unreported results show a negative relationship betweemwing fee and transaction size.
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tax legislation is a very common reason for stock lending.[&IcDonald (2001), Rvdavist and Dai
(2005%) and Christoffersen, Geczy, and Musto (2006)]. Thigeanerally referred to as “tax-arbitrage”
and the gains from this type of transactions are shared ghran increase in borrowing fees. Thus,
fees during these periods are not representative of a dé@eding price for a given security. Figuré 5
shows both the increased borrowing fees and lending volumiagidividend-payment periods for all
the dividend-paying stocks in our sample. The average aserén fee is around 40% and the average
increase in utilization (amount on loan divided by supply)about 20%. We control for this tax-
arbitrage by excluding all transactions that are less theeetweeks away from the week dividends are
paid from our borrowing fee estimates.

Another practice is vote trading, i.e., borrowing sharegade their voting rights during corporate
votes. Although our data aggregates lending to enable-skbittg and lending used for vote trad-
ing, the evidence that the average price charged for thess i®zero [Christoffersen, Geczy, Musto,
and Reed (2007)] makes us believe that our results are gtedfeespecially in light of the yearly

frequencies used.

[Figure[d about here]

A.3. Determinants of Lending Supply, Borrowing Fees and Utization

Tablel]l contains descriptive statistics for the stock lagdiatabase. The number of stocks covered by
the dataset is representative of the world market both ascemrge of market capitalization and as
a percentage of the number of stocks. For example, the salppdycovers more than 92% (93%) of
the market capitalization of the US (UK) stock market. Mdrart 70% of the total number of firms
listed on Datastream are covered in our sample, with a bieartts large firms. When we examine the
statistics of firms with lending transactions, there is digége decrease in coverage as measured by
market capitalization (it falls from 93% to 91%) and a modier@ne measured by the number of firms
(falling from 64% to 57%). The average proportion of shaesd but in the US is about 3% of market
capitalization, but with a high standard deviation of 4.46Phe average (value-weighted) borrowing
fee charged to borrow US shares is close to 35 basis pointgeaer but this fee is very volatile in

the cross-section, having a 200 basis points standardtaenidJS stocks in our sample have a larger
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lending supply and are more expensive to borrow than those loig D’Avolic (20022), who uses data

by a single custodian from April, 2000 to September, 2001.
[Tablell about here]

In order to shed more light on how our main explanatory védeslare related to firm and country
characteristics we show a multivariate analysis in Tabeitth country fixed-effects. Firms that cross-
list abroad, have high book to market ratios, and lower Eyeitend to have higher supply and smaller
lending fees. Lending supply is also related to market apdtion, with larger firms exhibiting higher
supply than smaller ones. We control for this effect by usiragket capitalization as a control variable
in all of our regressions. Furthermore, liquid stocks argerao locate and less expensive to borrow

compared to illiquid ones.
[Table[Il about here]

We also included data on ownership from Datastream to fuitivestigate how our proxies for
short-sales constraints are related to stock ownershiph Eeasure shows the proportion of the firm
owned by a different class of shareholders. First, we fint éhgployee/family ownership has a neg-
ative effect on suppB. For example Vanco, a UK based technology company, is lamehed by its
employees and has only 6.1% of market capitalization availtor lending compared to 13.5% for the
UK market in general. Employees keep their stock holdingsrivate accounts that are generally not
big enough to be included in securities lending programsusyodians. We also find that government
ownership reduces the lending supply. An example is The Nlemssit Railway Corporation (MTRC)
listed in Hong Kong. This company was privatized in 2000, thetgovernment still owns 76% of the
shares. Only 0.17% of its shares is available for lendingapared to the market average in Hong
Kong of 3.7%. Governments dislike losing their voting riglrt exchange for gaining a few extra basis
points in return, not to mention the bad signal sent to marketase the shorting demand increases.

Long-term holdings of investment companies is associatddhigher supply and lower borrowing

fees. This is logical, since investment companies ofte lta® infrastructure to lend out securities and

8Datastream aggregates holdings by family owners and firmiames under the same variable (NOSHEM).
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generally try to earn extra basis points by doing so. Thiegaly includes many investors who are
unable or unwilling to short-sell (e.g. passive index fundkng-only mutual funds) and that generate
extra gains by lending stocks in their portfolios. This nmkeem large suppliers of shares for lending
[D’Avalio (2002)]. Surprisingly, pension fund ownership unrelated to lending supply or borrowing
fees. However, these results are probably due to the factrthay institutional investors invest their
money through investment companies. Another potentidbegtion is that companies’ pension funds
are often not big enough to participate in lending prograntsare turned down by custodians unless
their portfolios are sufficiently large.

Finally, cross-holdings are negatively related to supplyis is often due to subsidiary companies,
which are almost solely owned by the parent company with ity free float and shares available
for lending. For example, 96.5% of the shares in SAP Systdagtation AG are held by their parent
companies (SAP Deutschland AG & Co. KG and SAP AG) and onl2%.0f market capitalization is

available for lending.

B. Other Variables

We obtain weekly stock returns, market capitalizationreocy and interest rates from Datastream.
Leverage and book-to-market ratios are computed by magadoounting data extracted from Com-
pustat Global. Accounting data are only available for a stlod firms and thus, we perform the
analysis on samples with and without accounting-basedralsnt\We construct dummy variables to
control for cross-listing from various sources. Inforroation American Depositary Receipts (ADRS)
comes from the Bank of New York and JP Morgan’s websites amul f€RSP tapes. Information on
Global Depositary Receipts (GDRS) is taken from the LondmtISExchange Website.

In TableIl, we present summary statistics for the measofgsice efficiency and other variables
of interest for our analyses. Panel A shows data for firms agitounting information available from
Compustat Global, while Panel B repeats the calculatiomsguall available shares. The average
yearly R in our larger sample equals 18.94% a year, which is similah¢ovalues documented by
Campbell, Lettau, Malkiel, and Xu (2001) for US-based stock he average correlation between

contemporaneous weekly returns and lagged market rewgh80%. Stock returns are highly skewed
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to the right, with mean skewness equal to 0.096, similar ts.BBoetzmann, and Zhu (2007). The
percentage of weekly returns two standard deviations bétdeve) the previous year’s average is
around 2.63% (2.85%). This is slightly bigger than the 2.28&bected from a normal distribution and
reflects the fatter tails observed in empirical data. OVeoalr summary statistics match the patterns

documented in the literature.

[Table[IIl about here]

Table[IM shows the characteristics of stocks sorted by tepdupply. Firms with higher supply
tend to have smaller and less volatile fees. The only ndtieedifference from the number of weeks
with supply information across deciles (shown under Coldfgy),) is that firms with higher supply
do have a higher number of weeks with lending transactionisetWve look at utilization, i.e., shares
lent out divided by the total number of shares available émding, firms with higher supply tend to
have much lower utilization rates than those with low supfihey also tend to be larger firms and
are more likely to have shares cross-listed outside theirehoountries. Finally, firms in the lowest
decile of lending supply have lower average annualizedmst(L2.74%) than those in the top decile
(15.23%) and display much higher standard deviations afmet(8.62% vs. 4.62%). This observation

is consistent with the literature on the negative relatigmeetween short-interest and stock returns.

[Table[IV about here]

IV.  Empirical Results

We start by examining whether our proxies for short-salestraimts are related to the different mea-
sures of price efficiency. We estimate GLS regressions ysagdy data with random firm-effects and
corrected for heteroscedasticity using robust standaoiserWe include country-year fixed effects to
control for country and year-specific variation, such as¢helated to differences in corporate gov-
ernance regimes [Morck, Yeung, and Yu (2000)] and opaqueel@s and Mvers (2006)]. We also

add a dummy variable to control for securities that have ADR&DRs traded outside the domestic

market, based on evidence that cross-listing makes prices efficient [Doidge, Karolyi, Lins, Miller,
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and Stulz (ZOOSH All regressions control for market capitalization and wsoa¢stimate regressions
controlling for leverage and book-to-market ratios whemeaccounting data from Compustat Global
are available. Liquidity effects are controlled via thegwdion of zero-return weeks in a given year,
similar to Bekaert, Harvey, and Lundblad (2005). After diggng our base specification, we also per-
form different tests to evaluate the robustness of our cwihs to different time periods, measurement
errors, differences between US and non-US stocks, usimggthgalues of the short-sales constraints
proxies and alternative definitions of our supply measure.
We analyze the economic significance of short-sale conséraly looking at how price efficiency

measures vary with lending supply and borrowing fees. Fohn é@pendent variable, we compare the
estimated expected differences between stocks in the lameshighest deciles of firms ranked by

lending supply that are due to our proxies for short-salestramts.

A. Cross-correlation

To measure price efficiency, we first employ the cross-catiml of stock returns proposed by Bris,
Goetzmann, and Zhu (2007). The cross-correlation is defisdtie correlation between contempora-
neous stock returns and lagged market returns. Becausadatimmn is bounded between -1 and 1, we
apply the following transformation: Inj-1)/(1-p)] and use it as a proxy for efficiency. We find results
that are largely consistent with Bris, Goetzmann, and ZI0072, that is, firms with larger supply and
lower borrowing fees have smaller cross-correlation. Hugassion results in Tadlg V imply that the
expected change in correlation due to differences in lendupply between bottom and top decile is
-32%. The actual values are 0.06 for firms in the bottom dexil@ 0.04 for firms in the top decile.
Leverage and book-to-market ratios are not statisticagjgificant, but firms with higher size or lig-
uidity tend to be more efficient. The impact of cross-listis@nly marginally significant and we don’t

find support for the claim that it improves efficiency usingss-correlation.

[Table[M about here]

®The dummy variable is dynamic such that it only takes a vafume after the security is cross-listed.
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However, the cross-correlation might be a biased measuedfiofency since it does not control
for the correlation of contemporaneous stock returns ogddgdomestic index returns with omitted
variables. We address this concern by looking at measureffiofency that accounts for possible

correlation with omitted variables.

B. Delay Measures

We also test the hypothesis that short-sale constrainelsséoe less efficient by estimating regressions
of delay measures on our measures of short-sale constraikse measures compare the usefulness
of domestic market index lagged returns to explain stoakrnst Using the price delay measures D1,
D2 and D3 as dependent variables, we run panel-data regmesssing supply available for lending
and the borrowing fee as explanatory variables.

As predicted, the results in Tadle]VI show that all three rmees of price delay decrease with
the supply available for lending and increase with borrgwiees. For example, consider the -0.01
coefficient for Ln(Supply) when D1 is the dependent varialllee expected difference in D1 due to
differences in supply between stocks in the bottom decikk tanse in the top decile is -18.88%.
Since lending supply and borrowing fees are strongly negjgtcorrelated (the correlation coefficient
is -0.44), ranking firms by lending supply also produces afotm sort on borrowing fees, as seen in
Table[TM. The expected value for D1 caused by the differemcé&®rrowing fees is 3.85% lower than
for firms in the bottom decile relative to the top decile of frmnked by lending supply. Hence, lending
supply and borrowing fee are not only statistically sigmifit; but also have a large economic impact on
the price delay measures. Stock prices for firms with highkkoemarket, market capitalization and
liquidity, and low leverage ratios are also more efficiene &pect smaller price delays associated with
cross-listing if firms that cross-list their shares inteio@ally benefit locally from the better disclosure
and transparency environments. This is exactly what wefidith is consistent with Doidge, Karolyi,

Lins, Miller, and Stulz (2005) and Foucault and Gehrig (2006

[Table[V] about here]

1%We obtain this value first from multiplying the estimated ffioéent by the difference in Ln(Supply) between the top and
bottom deciles shown in TalIelV. Then we divide it by the bottdecile value for D1.
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C. R

We now repeat the analysis looking at how the proportion ifsighcratic risk relative to total risk is
related to short-sale constraints. Again, we transformdiygendent variable using IfR1-R?)] to
avoid any statistical complications caused g Reing bounded between 0 and 1. Results in Table VII
suggest that stocks with higher supply and lower borrowaesthave higher B. The average Rin

the sample is 0.13 for firms in the bottom decile and 0.18 fondiin the top decile of firms ranked
by lending supply. The coefficient on log supply reportedam®verall " equals 0.06 and implies
that the expected difference irf®for stocks in the bottom decile relative to those in the tegild is
25.8%. Furthermore, the estimated impact from the obseteetease in borrowing fees between the
lowest and the top decile of firms (also ranked by lending s)ppcreases Rs by 6.9%. This means
that even in countries where short-selling is allowed,etae large cross-sectional differences fis R
due to short-sale constraints. Additionally, firms withtreg liquidity (i.e. those with fewer weeks of
zero returns) and market capitalization or lower leverametsmaller idiosyncratic risk relative to total
risk. In line with Foucault and Gehrig (2C06), who argue ttratss-listing makes prices more efficient
because of the larger number of informed investors tradiegstock, we find that firms that cross-list

have higher Rs.
[Table[\VIl about here]

All these results point thigh R%s as a proxy of price efficiency, but they are at odds with tesul
found at the country level by Bris, Goetzmann, and Zhu (200Hey show that Rlevels are higher
in countries where short-selling is prohibited or not pice, but smaller in those with more liquid
securities or where more firms have cross-listed.

These results might be caused by an unknown omitted-vargtthe country level that correlates
with their dummy variable - that also proxies for short-sabastraints - while the measures we use

are robust to country-year fixed effects. Our data additipriadicate that stocks are still put up for

Hn Column (1) of Table IV in their paper. Bris, Goetzmann, &t (2007) report positive estimates for ADRO and ADR1,
their dummy variables employed to capture cross-listifigpt$ when Rs are used as the dependent variable. However, these
dummies are only significant for cross-listings from coigstiwhere short-sales are allowed and practiced and onlyein t
regression with controls for country and industry chanasties.
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lending by custodians and used for short-selling in the -tivercounter market in 6 out of the 46
countries classified kv Bris, Goetzmann, and Zhu (2007) aseglin which short-sales are prohibited
and/or not practice@ This makes their dummy variable a potentially imperfect suea of short-sale
constraints. The proxies for short-sale constraints weats@ more direct measure of constraints for
individual securities, since they capture within-countariability in shorting supply and borrowing
fees that cannot be investigated using a country-level dumvioreover, our findings are similar to
those ol Kelly (2005), who shows that US firms with lowsRare associated with higher transaction
costs, sensitivity to past market returns and liquidity.ai® uses the change in breadth of institutional
ownership [Chen, Hong. and Stein (2002)] as a proxy for séalg constraints and find that firms with
more binding constraints have lowef$®R Our findings are also consistent with Hou, Peng, and Xiong
(2006) and Teoh, Yang. and Zhang (2006), who find that finhaciamalies are more pronounced in
firms with lower R’s.

We also present results using the alternative measure®g@dy Bris, Goetzmann, and Zhu
(2007), who compute separatéRof market-model regressions using only bad market-reugeks
(Down R?) and, similarly, the R for good market-return weeks (Up*Rand then take the difference.
With these alternative dependent variables, we find thaponxies are not statistically significant for
the Down Rs. When we use the Up?R as the dependent variable, both variables are statigtical
significant, with the coefficients being equal to 0.036 fardieg supply and -0.025 for the borrowing
fee. The lack of statistical power for the Dowr? Bstimates can be explained by the smaller number
of negative market-return weeks. Most stock markets ard@dvorld had very high returns in 2004
and 2005, with a much larger proportion of positive marlattim weeks than negative ones. On
average, Down Rs are computed from just 18.9 weekly observations, while BpdRe based on 33.7
observations. We follow the discussion by looking at théediénce between Down’R and Up Rs.
Our firm-level conclusions are identical to Bris, Goetzmaamd Zhu (20C7) at the country-level: fewer
short-sales constraints reduce the difference betwéspf&lowing the intuition that returns on weeks
of negative market returns will be more similar to positivees when investors can more easily short-

sell securities, hence the difference ih$hould decrease with fewer short-sale constraints. Risgard

2The countries in which tte Bris, Goetzmann, and zhu (200fihitien is not appropriate are China, Finland, Israel, New
Zealand, South Africa and Spain.
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of the debate on how Revelsshould be affected by short-sales constraints, it is hadisjoute that
fewer constraints should lead to a smaller difference betzown R and Up R.

More generally, the discussion on the usefulness?sfiRrelated to how cross-sectional differences
are explained by country or security-level variables. Noréeung. and Yu (2000) document how
stock markets in poor countries have highésRelative to rich ones and show that this difference
can be explained by stronger property rights in rich coastriJin and Myers; (2006) advocate that the
higher R's observed in less developed countries are also relatecitd af transparency, which allows
firm insiders to willingly soak up more idiosyncratic riskcaleave outside investors exposed to more
systematic risk. If a firm is more opaque, insiders can gralglaehn fraction of cash-flows following
above-expectations earnings while they need absorb arhjgbhportion of losses following bad news,
causing a decrease in the amount of firm-specific risk borneubsiders. On the other hard. West
(1988) shows that the volatility of stock returns decreaseiformation about future cash-flows is
more easily incorporated into prices. News affecting tHesgre cash-flows are factored into prices
relatively earlier at higher discount rates. This heaviscaunting reduces idiosyncratic volatility. If
relaxing constraints increases the amount of and speed iohvifiormation is incorporated into prices,
we would expect less idiosyncratic risk, i.e., highéisRthe larger the shorting supply of shares and
the smaller the borrowing fee. The opposing directions ieapby these papers indicate thasRnight
be poor predictors of price efficiency. It is important to arstand theoretically if there are differential
impacts on idiosyncratic risk coming from increases ingparency and less constrained short-selling.
A recent paper by Brown and Kapadia (2006) corroborateseaults and shows that the decrease in
idiosyncratic risk observed for the US in recent years [ClaafipLettau, Malkiel, and Xu (2001)] are
due to a riskier set of firms choosing to become publicly tdad®nce they control for this group of

firms, the results that relate lowef&to higher efficiency no longer hold.

D. Skewness, Frequency of Extreme Returns and RegulatomgeGts

Regulators are generally concerned that relaxing shéatesmstraints may increase the probability of
crashes. The widespread use of short-selling by hedgesfand their huge impact on daily trading

volume has generated questions about the fairness andyexfahis type of trade [see for example the
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article at Forbes.ccm (2006)]. We test forthis concern lokilng at how our proxies for short-selling
constraints affect four characteristics of distributidrreturns: skewness, kurtosis, and the frequency
of extreme negative and extreme positive returns at thé $toel.

Stocks in our sample on average have positive skewness.oEfffecent on lending supply is equal
to -0.07 in Tablé_ VIl and is statistically significant at th&b6 level. Ranking firms by lending supply,
the estimated difference in skewness between the bottortoprakciles due to lending supply is 86%.
The actual difference equals 94%, with the average skevatgess to 0.34 in the bottom decile and 0.02
in the top decile of firms. However, we do not find significargulés for the borrowing fee measure.
Our results imply that lending supply is associated withdowkewness, similar to results found by
Bris, Goetzmann, and Zhu (2007) for international markdtdes and Chang, Cheng. and ‘Yu (2006)
in Hong Kong's stock market. Skewness also decreases @itldlty and market capitalization. These
results are the same regardless of whether we compute thvaege of raw returns or from residuals
generated by a market-model equation, to remove the impagstematic market fluctuations. Using
our proxies allow us to show that the link between skewnedshart-sale constraints also exists at the
stock level across different countries. This is anothemgta of the usefulness of our lending supply

measure as a proxy for short-sale constraints.

[Table[VIMabout here]

We can also examine how kurtosis is affected to test wheti@t-sales constraints are associated
with “thicker” tails of the distribution of returns, meamjra higher frequency of extreme returns. In
Table[TX we estimate the relationship between short salstcaints and kurtosis using as dependent
variables both raw stock returns and residuals from a mamketel regression. We find weak support
for the hypothesis that smaller lending supply increasekis, but strong support for the impact of
higher borrowing fees. Low liquidity and low market capiation also increase the kurtosis. However,
the change in kurtosis could be related to thicker tailsegitim the positive or negative side of the return

distribution.

[Table[IX about here]
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Although the results for skewness are consistent with tka ithat short-sales constraints might
affect the frequency of crashes, they are not conclusive.cbirelation found between lending supply
and skewness might be due to an increase in the relative pi@pof modest negative returns relative
to positive returns or, instead, from an increase in theuagy of extreme negative ones relative
to low returns near the average. We disentangle this by exagithe proportion of weekly returns
in a given year that are two standard deviations below theiqure year average, showing results in
Table[X. The first two columns show the results using the feegy of extreme negative returns as the
dependent variable. We don't find any explanatory powerdnding supply or borrowing fee. We only
find evidence that crashes are less likely for stocks thaiselist abroad, have higher liquidity, market
capitalization, or book-to-market ratios. Overall, thexeo support for the argument that short-sale

constraints are related to the frequency of stock crashes.

[Table[X about here]

Because most countries had large and increasing averagerstorns in the 2004-2006 period, our
lack of explanatory power might be due to the absence of nirdi@mational crises during this period.
In columns 3 and 4, we estimate our regressions using thadrmy of largepositivereturns and we
only find weak evidence that higher lending supply decreasgeme positive returns. The coefficient
estimated for lending supply in Talilé X equals to -0.001 bist mo longer significant once we control
for leverage and B/M. Firms that cross-list abroad and agefan terms of market capitalization also
exhibit a smaller frequency or large gains.

Overall, our results show that relaxing short-sale coimdgds associated with lower skewness.
This result is similar to evidence found at the country ldwe/Charoenrook and Dacuk (2005) and
Bris, Goetzmann, and Zhu (2007) but, contrary to the formeralso find support for the hypothesis
that relaxing short-sales constraints decreases skewahigssecurity level. However, combining these
results with those found for the frequency of extreme retuitnseems that the impact on skewness, if
any, comes from changes in the frequency of extreme pos#ivens rather than in extreme negative

returns.
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E. Regressions for US Firms with Additional Controls

One of the drawbacks of using international data is the redawailability of various control variables
commonly available for US firms, such as turnover and whdtiaelable options are availalple.In an
effort to reduce the biases caused by the omitted-varigirl@siem, we now present regressions for a
subset of the data that only includes US firms. Within thislemaample, we construct three additional
control variables. Using CRSP data, we compute averagg waiiover and ILLIQ [Amihud (2002)]

in a given year. It is possible that the explanatory poweenéling supply and borrowing fees is in fact
capturing the effects due to turnover and liquidity. Firnighwhigher turnover and liquidity have been
shown to be more efficient than those with lower turnover andity [Kelly (2005%)].

Although our global database has a dummy variable for firmsdfoss-list, an important variable
missing from our base regressions is whether firms haveraptieing traded on their shares. Using
guarterly data on options’ trading volume, we construct mhy variable to capture whether a firm
has options being traded in a particular

The constrained data has 6,061 observations for 3,770efff&JS firms. Most firms in our panel
(about 70%) do not have options traded on US exchanges. Eveps results found in the global
data still hold when we control for turnover, ILLIQ and “optiability” in Table[X]: lending supply is
associated with higher price efficiency across most measwigle higher borrowing fees are usually
associated with smaller efficiency. In most regressioresintpact o Amihud (2002)’s ILLIQ measure

is statistically significant, with less efficient firms alsaving lower liquidity.

[Table[X]I about here]

The last four columns of TableXI use characteristics of tis&riBution of stock returns as depen-
dent variables. The results found in the US are different tise found for the global data once

we control for turnover, ILLIQ and “optionability”. Lendgnsupply only has explanatory power using

B0option trading will most likely be reflected in the lending ket since option sellers will have to hedge their exposure.
Therefore options trading was not completely ignored ivipres regressions.

e kindly thank Robert Battalio for giving us the option data

SWe also obtain similar results using a variable that rankssfioy 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 datapihad shown modest explanatory power to
explain the frequency of extreme positive returns.

For US firms, higher borrowing fees are associated with fesy@reme returns, regardless of
whether they are positive or negative. However, given thesalts, we would also expect a nega-
tive and significant coefficient when kurtosis is the depehdeariable. Stock turnover is strongly
associated with higher kurtosis and the frequency of exrpositive and negative returns, but is not
associated with skewness.

Overall, higher lending supply and lower borrowing feesratated to lower price efficiency. How-
ever, the results found for their impact on skewness anagisrare mixed and should not be taken as
evidence in support or against the impact of short-salealgbas on the likelihood and frequency of

crashes.

F.  Additional Tests

This section describes the various robustness tests weicbiodevaluate the sensitivity of our conclu-
sions to different assumptions. Given the large growth éndtope and coverage of the database, we
create a balanced panel and divide the sample into two eliffgueriods of relative stability in stock
coverage. Based on Figuré 2, we define Period 1 as the weehknbggyion March 24th, 2004 and
ending on March 23th, 2005, while Period 2 as the period batwelly 6th, 2005 and June 28th, 2006.
Results in Tabl&X]I show that the significance of the reswith respect to lending supply are weaker
in Period 1, regardless of the dependent variable we cansdidieen we examine the estimates for the
borrowing fee, results are broadly consistent with our agsions in Period 1, but the statistical signif-
icance is smaller in Period 2. These results can be due tethetion in the number of data points
from using just one cross-section of data or a smaller ptigdipower of borrowing fees to explain

variation within a cross-section rather than between esessons.

[Table[XIl about here]

In table[XIII, we test whether our results are sensitive t® variability of short-sale constraints

proxies within a year. It might be the case that yearly awesdgave lower explanatory power for
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firms that exhibit higher variability within a year. We sptitir data into three groups according to
the coefficient of variation in weekly lending supply or bmwing fee in a given year. Firms in the
Low group are those with smaller variations of the shorésabnstraints proxies. We estimate a single
regression with different coefficients according to whicbup stocks belong to. The results are similar

regardless of the group to which they belofy.

[Table[XIMabout here]

Our sample includes both US and non-US stocks and givenzbeo$ithe US market, comprising
almost 40% of stocks in our sample, it is important to know tlube there are large differences in
estimated parameters between US and non-US stocks. In[X&leve split stocks in two groups
depending on whether they are traded in the US or not. Thétiséies of price efficiency measures
to lending supply and borrowing fees are similar inside antside US markets and remain highly
significant. When we look at the impact on skewness and tlygidmecy of extreme returns we get the
same qualitative results as found in Tdble VIl and TableeXealing that short-sale constraints reduce

skewness, but do not seem to affect the frequency of largetimegeturns.

[Table[XIV] about here]

Another concern that must be addressed is the causalitye atthtionship. Our hypothesis is that
inefficiency is caused by more stringent short-sales caimésr. However, we cannot fully reject the
reverse order of causality. This would mean that inefficiotks drive investors away from the lending
market, reducing lending supply and increasing borrowassf In Table XYV we re-estimate regressions
using lending supply and borrowing fees lagged by one yehe &stimated parameters keep being
statistically significant and reinforce our claim that priefficiency is reduced when investors face

more short-sale constraints.

[Table[XV about here]

8Unreported robustness checks also compute the borrowmgdimg the actual reinvestment rate that is feasible for
lenders, rather than the risk-free rate in each country.r€sults for the borrowing fee variable are even strongear thase
presented in the text.
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We also use two alternative lending supply measures forstobgs. First, we compute Residual
Supply as residuals from regressing stock lending suppjedcby aggregate supply on firm size.
Second, we compute Utilization by dividing the total amdent by the total supply of shares available.
In TableLZXVI and Tabl&_XVIl we repeat our regressions replgdending supply with these alternatives.
Looking at the parameters estimated for Residual Supplycaresee that our effects are above and
beyond any influence that firm size might have. All our condos are similar when we use this
measure. In Column (ii) we see that the explanatory powertidizbkion is very low for each different
dependent variable. Although statistically significarth&t5% for cross-correlation and D2, utilization
is not robust across the other price efficiency measuresigss and the frequency of extreme negative
and positive returns. These results can be explained byatteHat stocks with high utilization aren’'t
necessarily short-sale constrained, but are in high derfrandinvestors, similar to the econometric

problems that arise when short interest is used as a proxghfot-sale constraints.
[Table[XVI about here]
[Table[XVIIlabout here]

Lastly, the country fixed-effects we use as controls in oummegressions do not account for
different slopes across countries. We test this possiliiljt adding interactions of lending supply,
borrowing fees and market capitalization with a dummy \@&ahat controls for OECD membership
which proxy for the level of financial development. Out of thenty-six countries, eight are not mem-
bers of the OECD (China, Hong Kong, Israel, Mexico, Singap&@outh Africa and South Korea),
however these countries comprise only about 5% of the oagens. Looking first at efficiency mea-
sures as the dependent variables, in Teble XVIII we can seehbk impact of lending supply comes
mainly from OECD countries. The only significant differermween slope coefficients is found when
the cross-correlation between contemporaneous stociigetind lagged stock market returns is used
as the dependent variable. We also find that OECD-membetsswaffected by changes in lending
supply (estimated impaet —0.007) than non-OECD members (estimated impaet0.034). Further-
more, we can also reject the joint hypothesis that the bathinpeters are equal to zero for all efficiency

measures. The lack of significance of borrowing fee paramétemost likely due to multicolinearity,
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as the joint hypothesis test that both parameters are emaata is rejected for all efficiency measures.
As for market capitalization, there does not seem to be dfgreince between OECD and non-OECD

countries.

[Table[XVIIlabout here]

The impact of these interactions on characteristics of fhtrilolition of stock returns yield the
same (mixed) results found before. Borrowing fees are miifitant to explain any of the measures,
but changes in lending supply of OECD members are found te hamaller impact than non-OECD
members for kurtosis and the frequency of extreme posittarms. At least in 2004 and 2005, our

proxies for short-sale constraints do not seem to have arrfimajiact on the distribution of returns.

V. Conclusion

Using a unique dataset with weekly stock lending transastarross 26 countries, this paper estimates
the impact of short-sale constraints on measures of priiesfcy. We find strong evidence to support
the hypotheses implied by Diamond and Verrecchia (1987ifi@Garleanu, and Pedersen (2002) and
Bai, Chang. and Wang (2C06) that short-sale constraintasaeciated with less price efficiency.

We use two measures of short-sale constraints: the suppdhares available for lending and
the borrowing fee. The availability of stock-level infortitm on short-sale constraints enables us
to control for any effects on price efficiency that come froaumtry differences such as differences
in the regulatory environment, stages of financial develapnor income levels. We also provide a
comprehensive overview of stock lending markets acrossvtirel and show how lending supply and
borrowing fees are related to firm characteristics. To ths beour knowledge, these have not been
done before in the literature for such a wide range of sdearénd countries.

We estimate panel regressions to explain cross-sectiaffatemces in price efficiency. Stocks
with limited lending supply and high borrowing fees havegendelays in responding to market-wide
shocks. Relaxing shorting restrictions is associated aitincrease in the speed by which information
is incorporated into prices. Large and more liquid firms aésw to have more efficient prices, while

those with higher leverage or low book-to-market ratiogitembe less efficient.
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We look at changes in the distribution of stock returns basetbur measures: the skewness and
kurtosis of weekly stock returns, and the frequency of larggative and large positive returns. We
find that short-sales constraints are associated with emsitlewness and higher kurtosis, but they
also show that short-sale constraints do not affect theufnecy of large negative returns, with the
change in kurtosis and skewness being due to changes iretingeficy of large positive ones. These
findings reduce concerns expressed by regulators that ieghekort-sale constraints could increase
the frequency of crashes at the stock level. When we regigcanalysis to US firms, we are not able
to replicate these effects and it seems hard to claim anggt@lationship between the frequency and
magnitude of crashes with lending supply and borrowing.fees

We also provide evidence against the usefulness of usindRf@iof market model regressions to
proxy for price efficiency [Morck, Yeung, and Yu (2000), JindaMvers (2006)]. Our proxies imply
a negative relationship betweert Rvels and short-sale constraints at the firm-level, opedsi the
evidence found at the country-level by Bris, Goetzmann,Zmi(2007). They use a dummy variable
for countries in which shorting is allowed and practiceddshen market regulatory information and
interviews with government officials, while we have acces§irm-level characteristics on how easy
it is to short-sell a particular stock. Our variables allosvta control for country fixed-effects and for
firm characteristics such as leverage, size and book-t&anaatios and our findings reinforce their
suggestion that using the difference iRsRobtained in regressions conditional on the sign of market
returns is a better measure of efficiency: these differeslcesld decrease as short-sales constraints are
relaxed, regardless of the impact of IBvels.

The results presented above are relevant to market panisipand regulators alike, displaying
the gains in efficiency associated with a higher supply ofeshavailable for lending. The negative
impact that short-sales constraints have on price effigiemeasures is economically large, but these
constraints do not seem to affect the frequency of stocleriashes. The conclusions are the same for
US and non-US firms, they hold across time-periods and arestab controls for firm size, leverage,
liquidity and to whether a firm has ADRs or GDRs issued abr&agthermore, results are also similar
when we focus on US firms, adding turnover, liquidity [Amin(®002)] and a dummy for whether

options are available as additional variables.
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Notes

We are grateful to Will Duff Gordon for highlighting this exeple.

“Figlewski and Wekk (1993). Desai. Ramesh, ThiagaraianBatachandrar (2002). Asauith. Pathak. and Ritter (2004),
Diether, Lee. and Werrer (2005). Boehmer. Jones. and .ZI#8i5), Boehmne. Danielsen. and Sorzscu (2006) and Cohen,
Diether, and Malloy (2007)

3The average coefficient of variation of the borrowing feeg@iven stock at a given point in time is about 0.5.

“This includes ABN Amro, Mellon, and State Street among athehich we cannot name due to a confidentiality agree-
ment with Dataexplorer Ltd.

The dataset is on monthly frequency until July 2004 and besoneekly thereafter.

®In unreported regressions we find that our results are evenggir if we use the reported reinvestment rate insteackof th
risk-free rate

"Unreported results show a negative relationship betweemwing fee and transaction size.

8Datastream aggregates holdings by family owners and firmiames under the same variable (NOSHEM).

®The dummy variable is dynamic such that it only takes a vafume after the security is cross-listed.

1%We obtain this value first from multiplying the estimated ffioéent by the difference in Ln(Supply) between the top and
bottom deciles shown in TallelV. Then we divide it by the bottdecile value for D1.

n Column (1) of Table IV in their paper. Bris, Goetzmann, &t (2007) report positive estimates for ADRO and ADR1,
their dummy variables employed to capture cross-listifigots when Rs are used as the dependent variable. However, these
dummies are only significant for cross-listings from coigsiwhere short-sales are allowed and practiced and onlyein t
regression with controls for country and industry chanasties.

12The countries in which tt e Bris, Goetzmann, and zhu (200fitien is not appropriate are China, Finland, Israel, New
Zealand, South Africa and Spain.

130ption trading will most likely be reflected in the lending rket since option sellers will have to hedge their exposure.
Therefore options trading was not completely ignored iviprgs regressions.

14we kindly thank Robert Battalio for giving us the option data

5We also obtain similar results using a variable that rankssfioy option trading volume and a variable with the frequency
of quarters in a year for which options were traded.

Unreported robustness checks also compute the borrowmgdimg the actual reinvestment rate that is feasible for
lenders, rather than the risk-free rate in each country.r@sults for the borrowing fee variable are even strongar thase

presented in the text.
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Table I: Stock lending markets around the world
This table shows summary statistics for each country witllileg data available on June 28th, 2006. Market cap is thecfurmrarket capitalization in USD billions and
Stocks reports the number of stocks covered seem in theadsam the “Stocks with lending supply” panel, MC(%) shohes fraction of firms with lending supply data
in terms of market capitalization of the domestic marketilevBtocks(%) reports the fraction of stocks with lendingadaAvg. supply and St. dev. denote, respectively,
the average supply of shares relative to total shares odistaand its standard deviation in a given year. The “Stedkis lending transactions” panel contains summary
statistics for firms with recorded lending transactions.réf@rt annual means and standard deviations for the améshages lent (as % of market capitalization) and the
size-weighted borrowing fee. Markets that are classifiétbasrt sales not allowed and/or not practiced” by Bris. Go®inn. and Zhu (2007) are marked with a *.

Market Stocks with Tending supply Stocks with lending transactions
Couniry Market cap Stocks MC(%) Stocks(%) Avg. supply St.dev. MC(%) Stocks(%) On Toan(%) St.dev. Avg. Fee (bps) St.dev.
AUSTRALIA 910 798 95 43 5.69 5.00 93 37 1.25 151 40 138
AUSTRIA 157 64 97 73 4.92 4.92 96 67 1.14 1.55 46 25
BELGIUM 256 132 100 56 3.62 3.77 99 52 0.61 0.84 40 181
CANADA 1,186 720 91 56 10.92 8.90 91 52 1.68 2.49 32 174
*CHINA 101 127 88 41 8.06 4.92 88 39 1.92 1.60 86 146
DENMARK 171 133 94 59 3.70 6.24 92 53 1.07 2.10 41 326
*FINLAND 208 122 97 63 5.07 7.55 95 57 0.74 1.10 23 603
FRANCE 1,596 527 98 60 3.52 9.35 97 53 1.06 4.11 92 177
GERMANY 1,125 378 99 79 5.79 14.99 98 71 1.56 3.60 62 162
HONG KONG 965 621 94 33 3.68 3.45 92 29 0.64 0.85 43 139
*ISRAEL 99 135 23 26 5.98 5.37 15 19 1.58 2.47 89 186
ITALY 779 275 96 79 3.01 4.78 96 68 1.04 231 154 129
JAPAN 4,558 2,508 95 73 351 4.57 92 63 0.73 1.08 58 174
MEXICO 1,102 51 99 76 2.53 3.10 99 69 0.14 0.24 200 101
NETHERLANDS 748 133 76 65 8.21 6.54 76 62 1.49 1.91 35 160
*NEW ZEALAND 31 62 71 29 5.07 4.44 68 27 0.73 1.92 41 118
NORWAY 240 141 97 68 4.87 5.72 96 60 1.28 1.83 76 126
PORTUGAL 74 40 93 60 1.85 1.96 90 50 0.43 0.78 37 233
SINGAPORE 230 296 90 39 4.20 4.07 84 31 0.58 0.81 44 140
SOUTH AFRICA 322 151 80 38 3.11 2.40 78 32 0.23 0.44 52 88
*SOUTH KOREA 627 410 84 36 2.84 2.40 83 33 0.40 0.48 123 135
*SPAIN 722 122 96 84 4.37 5.17 95 81 1.64 2.49 81 119
SWEDEN 379 251 97 68 441 5.75 94 58 0.81 1.24 46 161
SWITZERLAND 1,041 267 98 76 9.78 9.30 97 68 1.27 2.03 31 34
THAILAND 165 134 54 33 2.43 1.88 48 25 0.27 0.27 77 124
UNITED KINGDOM 2,926 1,372 93 62 13.52 9.93 92 53 1.40 1.96 12 115
UNITED STATES 16,800 7,045 92 70 12.24 34.09 91 64 3.03 4.46 35 200
WORLD 37,516 17,015 93 64 8.87 23.90 9T 57 1.97 3.51 50 188




Table Il
Determinants of Lending Supply and Borrowing Fees

The table estimates lending supply and borrowing fees as@ifun of firm characteristics in 2004 and 2006.
Each firm-year must have at least 50 weekly return obsenstod less than 10 weeks with zero returns and
countries must have at least 16 companies to be includeé setmple. Ln(Supply) is the yearly average of stock
lending supply as a fraction of market capitalization arehtecaled by aggregate supply. “ADR or GDR" is a
dummy variable equal to one if the firm has ADRs or GDRs issuimdad. Zero-return weeks is the proportion
of zero-return weeks in a given year. Ownership variablesaite data are obtained from Datastream. The
panel regressions are estimated using fixed country-yé&mtefwith robust (Huber/White/sandwich) standard
errors clustered at the firm level. T-statistics are repbirigparentheses and significance levels are indicated as
follows: *=statistical significance at the 10% level; **=significantla¢ 5% percent level; ***=significant at the
1% level.

Mean St.dev. ) Ln(SuppI%/_)) 0 Borrowmg(_l_:)ee
il i ii
ADR or GDR 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 -0.1
(2.60)*** (4.17)**
Leverage 0.16 0.18 -0.21 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 0.03 0.03 -4.660 -4.476 2.936 2.913
(13.85)***  (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) 1859  21.95 0.015 0.013 -0.006  .00%
(17.63)***  (12.39)***  (8.88)*** (4.32)**
Pension funds 1.04 2.34 -0.002 0.000 0.01 0.011
(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
R? 0.48 0.54 0.31 0.34
Country-year FE Yes Yes Yes Yes
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Table Il

Stock market characteristics around the world

The table shows summary statistics based on yearly valu&d and 2005. Each firm must have at least 50
weekly return observations, less than 10 zero-return @htens and at least 6 lending observations in a given
year. Furthermore, each country must have at least 16 firraginen year. Panel A contains firms for which
accounting data from Compustat Global is available, whiled? B relaxes this requirement and uses all available
data. Fee is winsorized at 0.5%? Bomes from a regression of weekly stock returns on the dacringex and

a world index. Cross-correlation is the correlation betweentemporaneous weekly stock returns and lagged
domestic market returns. D1, D2 and D3 are proxies for praaydproposed by Hou and Moskoviitz (2005)

ODbs. Mean Median St.dev. Min. Max
PANEL A: Small sample (firms with accounting data)
R? (x100) 7501 19.52 17.37 13.54 0 77
Cross-correlation (x100) 7,501 2.80 2.70 14.39 -45 52
D1 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 (x100) 7,501 9.56 9.84 91.49 -713 697
Skewness of abnormal returns (x100) 7,501  15.67 18.26 95.7412 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 3.33 051
Freq. extreme positive returns (x100) 7,501 2.57 1.89 4.43 0100
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
Ln(Book to market) 7,501 -0.15 -0.10 0.73 -4 5
Leverage (x100) 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 16,941
PANEL B: Large sample (firms without accounting data)

R? (x100) 14,055 18.94 16.06  14.25 0 96
Cross-correlation (x100) 14,055 2.63 2.58 14.55 -47 54
D1 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 (x100) 14,055 9.42 10.45 93.44 -7107 6
Skewness of abnormal returns (x100) 14,055 14.71 17.27 095.5712 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 (x100) 14,055 2.63 1.89 3.820 60
Freq. extreme positive returns (x100) 14,055 2.85 1.92 5.240 100
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 (% per year) 14,055 2.77 1.89 3.59 0 17
Number of stocks per country-year 14,055 3,769 2,493 2,8761 16,941
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Table IV: Descriptive Statics - Stocks sorted on Lending Suply
The table shows characteristics of portfolios formed bykiag stocks according to lending supply deciles based onlye&alues for 2004 and 2005.
Each firm must have at least 50 weekly return observatioss,tlean 10 zero return observations and at least 6 lendirgq\@i®ons in a given year to
be included. Furthermore, each country must have at leaBtri§ in a given year. Obs. gives the number of firm-year ola@ms included in each
portfolio. psuppiy reports the mean logarithm of weekly lending supply scaletbtal lending supplyp.r.. reports average borrowing fee winsorized at
0.5%, whileo . the standard deviation for each decile. Columgg#and #.,.,s Show, respectively, the average number of weeks with lensiipply
and lending transactions. Util. reports average dollavevalf lending transactions scaled by available supply, ando,.; report annualized mean
weekly returns and standard deviations. Size(bi) showatkeage market capitalization in billions of US dollaf%:,.,ss Shows the proportion of stocks
cross-listing their shares outside their parent countegich decile.

Decile ODbs. HSupply HFee OFee #Sup #Loans Ufil. Hret Oret Size (bl) Dj'ross
1 1,404 -2.53 202 198 38 20 040 1274 8.62 1.59 0.04
2 1,406 -1.22 1.67 1.68 41 24 0.30 19.10 6.90 0.88 0.04
3 1,406 -0.65 134 154 41 25 0.25 16.65 6.06 1.00 0.05
4 1,405 -0.21 1.04 1.28 41 27 0.22 16.94 6.02 1.36 0.06
5 1,406 0.15 0.80 1.15 42 28 0.20 15.20 6.19 2.07 0.07
6 1,406 0.47 0.65 1.03 42 29 0.18 14.01 5.94 3.05 0.08
7 1,405 0.75 0.48 0.81 42 29 0.16 12.74 5.30 4.76 0.07
8 1,406 1.02 0.42 0.76 42 30 0.14 13.64 4.98 6.62 0.09
9 1,407 1.32 0.40 0.62 42 31 0.15 1291 4.56 5.18 0.11

10 1,404 1.99 0.47 0.61 42 32 0.12 1523 4.62 5.92 0.16
Overall 14,055 0.11 093 1.34 41 28 0.21 1492 6.03 3.24 0.08




Table V
Cross-correlation

The table shows results of regressing cross-correlati@fasction of lending supply, borrowing fees and firm
controls. The dependent variable is the cross-correlgppietween contemporaneous weekly stock returns
and lagged domestic market returns, transformed usings@raselation=In[f+1)/(1-p)]. The lending data are
from 2004 and 2005 and cover 26 different countries. Zetorneweeks is the proportion of zero-return weeks
in a given year. Each firm-year must have at least 50 weeklymaibservations and less than 10 weeks with
zero returns and countries must have at least 16 comparniesiteluded in the sample. The panel regressions
are estimated using GLS random firm-effects with robust @lWhite/sandwich) standard errors. T-statistics
are reported in parentheses and significance levels amabedias follows: Zstatistical significance at the 10%
level; **=significant at the 5% percent level; ***=significaat the 1% level.

Mean St.dev. 8ross—corr?_l_§tt|on
[ ii
Ln(Supply) 0.28 121 -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 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
R? within 0.19 0.17
R? overall 0.15 0.14
R? between 0.12 0.11
Country-year FE Yes Yes
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Table VI
Delay Measures

The table shows results of regressing proxies for priceydelg D2 and D3 as a function of lending supply, borrowing fees
and firm controls. The dependent variables are proxies foe plelay similar to Hou and Moskowitz (2005). The lendinteda
are from 2004 and 2005 and cover 26 different countries. -Zettan weeks is the proportion of zero-return weeks in amgiv
year. Each firm-year must have at least 50 weekly return vasens and less than 10 weeks with zero returns and cosntrie
must have at least 16 companies to be included in the sampé&pdnel regressions are estimated using GLS random firm-
effects with robust (Huber/White/sandwich) standard rstrd@-statistics are reported in parentheses and significkavels

are indicated as follows:=statistical significance at the 10% level; **=significantla 5% percent level; ***=significant at
the 1% level.

Mean  St.dev. D1 D2 D3
0] (i) (i) (ii) 0] (i)

Ln(Supply) 0.28 121 -0.010 -0.019 -0.009 -0.015 -0.008 014.

(2.98)*** (8.37)*** (3.75)*** (9.29)*** (3.67)x* (8.91) ***
Fee (%0 p.a.) 0.85 1.27 0.018 0.011 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 -6.03

(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)*** (1.85)* (1.76)*
Ln(Market cap) -0.12 1.47 -0.038 -0.043 -0.023 -0.027 -8.02 -0.027

(15.72)***  (24.54)***  (12.20)*** (20.61)*** (13.20)*** ( 21.40)***
Zero-return weeks 0.03 0.03 0.576 0.538 0.381 0.349 0.336 3100.

(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
R? within 0.05 0.05 0.05 0.05 0.07 0.09
R? overall 0.21 0.22 0.17 0.20 0.18 0.22
R? between 0.27 0.28 0.24 0.26 0.23 0.28
Country-year FE Yes Yes Yes Yes Yes Yes
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Table VII: R 2
The table shows results of regressintgsRis a function of lending supply, borrowing fees and firm st The dependent variables are computed by
regressing all weekly stock returns in a given year as a fomatf a domestic market index and a world market index anusfaamed using In[R/(1-
R?)]. Overall R uses all available returns in a given year, Dowind@mputes Rs only based on negative local-market return weeks, Ufyén positive
local-market return weeks and DifPRs computed as Down®Rminus Up R. The lending data are from 2004 and 2005 and cover 26 diffecmtries.
Zero-return weeks is the proportion of zero-return weeks @iven year. Each firm-year must have at least 50 weeklyrretservations and less than
10 weeks with zero returns and countries must have at leasprhanies to be included in the sample. The panel regresarenestimated using GLS
random firm-effects with robust (Huber/White/sandwicla@nstard errors. T-statistics are reported in parenthesksignificance levels are indicated as
follows: *=statistical significance at the 10% level; **=significantla 5% percent level; ***=significant at the 1% level.

Mean St.dev. OverallR Down R Up R® Diff R? Overall R Down R Up Diff R?
Ln(Supply) 0.28 1.21 0.060 -0.004 0.036 -0.039 0.047 -0.018 0.039 -0.056
(5.38)%** (0.40) (3.11)%*  (2.58)**  (2.83)**  (1.02) (2.29)*  (2.36)*
Fee (% p.a.) 0.854 1.268 -0.050 0.010 -0.025 0.036 -0.106 130.0 -0.069 0.083
(5.19)%** (1.03) (2.43)%  (2.66)**  (7.08)**  (0.92)  (4.42)**  (4.09)%*
ADR or GDR 0.06 0.24 0.213 0.173 0.201 -0.030 0.156 0.185 .14  0.038
(4.95)%*  (3.73)**  (4.16)**  (0.49)  (2.68)**  (2.73)%*  (2.13)* (0.43)
Ln(Book to market) -0.147 0.73 0.164 0.065 0.143 -0.078
(7497 (2.89)"**  (5.91)*  (2.46)**
Leverage 0.16 0.18 -0.243 -0.385 -0.071 -0.311
(2.96)**  (4.35)**  (0.78) (2.49)*
Ln(Market cap) -0.12 1.47 0.280 0.115 0.183 -0.067 0.231 99.0 0.146 -0.048
(BL71)™*  (13.09)"** (20.62)%** (5.77)** (10.43)"** (7 .37)"** (11.A1)%**  (2.70)%*
Zero-return weeks 0.03 0.03 -3.352 -0.589 -1.032 0.481 683.8 -0.516 -1.368 0.922
(9.98)**  (L65)*  (2.90)*  (0.99)  (7.76)**  (0.97)  (2.60*  (1.27)
Mean(Dependent) -1.86 -1.88 -2.49 0.61 -1.77 -1.83 -2.48 65 0.
StDev(Dependent) 1.31 1.36 1.36 1.82 1.23 1.35 1.33 1.81
Observations 14,055 14,055 14,055 14,055 7,501 7,501 7,501 7,501
No. of Companies 8,709 8,709 8,709 8,709 4,423 4,423 4,423 4234,
R? within 0.09 0.03 0.13 0.03 0.31 0.05 0.13 0.04
R? overall 0.26 0.06 0.10 0.04 0.25 0.04 0.09 0.04
R? between 0.31 0.07 0.13 0.03 0.31 0.05 0.13 0.04

Country-year FE Yes Yes Yes Yes Yes Yes Yes Yes




The table shows results of regressing kurtosis as a funofiending supply, borrowing fees and firm controls.
Raw skewness is based on weekly stock returns, while abhskmaness uses the residuals of a market-model
equation. The lending data are from 2004 and 2005 and cowff2ent countries. Zero-return weeks is the pro-
portion of zero-return weeks in a given year. Each firm-yeastrhave at least 50 weekly return observations and
less than 10 weeks with zero returns and countries must hévash 16 companies to be included in the sample.
The panel regressions are estimated using GLS random ffeotefvith robust (Huber/White/sandwich) stan-
dard errors. T-statistics are reported in parenthesesignificance levels are indicated as follows:statistical

Table VIII
Skewness

significance at the 10% level; **=significant at the 5% petdewel; ***=significant at the 1% level.

Mean St.dev. S&I_<)ewness a?r;ormal 0 Skewn?%s raw
i ii i ii
Ln(Supply) 0.28 121 -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 -0.075 -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 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
R? within 0.01 0.01 0.01 0.01
R? overall 0.07 0.07 0.07 0.07
R? between 0.10 0.09 0.09 0.08
Country-year FE Yes Yes Yes Yes
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The table shows results of regressing kurtosis as a funofitending supply, borrowing fees and firm controls.
Raw kurtosis is based on weekly stock returns, while abnbkonaosis uses the residuals of a market-model
equation. The lending data are from 2004 and 2005 and cowff2fent countries. Zero-return weeks is the pro-
portion of zero-return weeks in a given year. Each firm-yeastrhave at least 50 weekly return observations and
less than 10 weeks with zero returns and countries must hévash 16 companies to be included in the sample.
The panel regressions are estimated using GLS random ffeotefvith robust (Huber/White/sandwich) stan-
dard errors. T-statistics are reported in parenthesesignificance levels are indicated as follows:statistical

Table IX
Kurtosis

significance at the 10% level; **=significant at the 5% petdewel; ***=significant at the 1% level.

Mean St.dev. Kurtosis abnormal — Kurtosis raw
(i) (ii) (M) (ii)
Ln(Supply) 0.28 121 -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) (2.93)*
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 0.03 0.03 6.319 6.750 7.486 7.771
(3.08)***  (4.94)** (3.52)*** (5.37)***
Mean(Dependent) 231 2.27 2.10 2.14
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
R? within 0.01 0.01 0.01 0.01
R? overall 0.03 0.03 0.03 0.04
R? between 0.03 0.03 0.04 0.05
Country-year FE Yes Yes Yes Yes
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Table X
Frequency of Extreme Events

The table shows results of regressing extreme return mesagra function of lending supply, borrowing fees
and firm controls. Extreme Down is the proportion of weekliuraes in a given year that are two standard
deviations below the previous year’'s average. Extreme Wpesproportion that are two standard deviations
above the previous year’s average. The lending data areZfi and 2005 and cover 26 different countries.
Zero-return weeks is the proportion of zero-return weeka miven year. Each firm-year must have at least
50 weekly return observations and less than 10 weeks with rs¢urns and countries must have at least 16
companies to be included in the sample. The panel regresaienestimated using GLS random firm-effects
with robust (Huber/White/sandwich) standard errors. afistics are reported in parentheses and significance
levels are indicated as follows=5tatistical significance at the 10% level; **=significantla 5% percent level;
***=gignificant at the 1% level.

Mean St.dev. 'Extreme Down — Extreme Up
(i) (ii) (i) (ii)
Ln(Supply) 0.34 1.17 -0.010 0.040 -0.070 -0.090
(0.30) (1.06) (1.35) (2.73)***
Fee (% p.a.) 0.80 1.20 0.050 0.010 -0.050 -0.040
(1.27) (0.48) (1.26) (1.35)
ADR or GDR 0.06 0.24 -0.250 -0.350 -0.110 -0.290
(2.79)*  (3.46)*** (0.63) (2.44)**
Ln(Book to market) -0.16  0.71 0.270 0.010
(4.11)*** (0.20)
Leverage 0.16 0.18 0.170 0.000
(0.69) (0.02)
Ln(Market cap) -0.05 145 -0.050 -0.080 -0.140 -0.150
(1.63) (3.21)***  (4.09)*** (6.35)***
Zero-return weeks 0.02 0.03 -3.520 -3.740 -0.360 -1.580
(2.06)**  (3.42)*** (0.18) (1.30)
Mean(Dependent) 0.02 0.02 0.02 0.03
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
R? within 0.08 0.08 0.10 0.09
R? overall 0.08 0.08 0.07 0.08
R? between 0.07 0.07 0.04 0.07
Country-year FE Yes Yes Yes Yes
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Table XI: Robustness Check — Additional control variables br US data
The tables shows regressions of US firms’ price efficiencyipsoas a function of lending supply, borrowing fees and fiamtools, added by Optionability
(fraction of quarters in a year with options being tradedhildud 2002)'s ILLIQ measure and annualized stock turnoiiére regressions include the
same control variables as the base specification (ii) iresdEX. Other coefficients estimates are not included togruesspace. The Reoefficients
are transformed using INnfR1-R?)]. Correlations are transformed using Cross-correlatioffz+1)/(1-)]. D1 and D2 are the price efficiency measures
proposed by Hou and Moskowitz (2005). Skewness and kurémsibased on raw returns. Extreme Down is the proportion eklyeeturns in a given
year that are two standard deviations below the previoussyaeerage. Extreme Up is the proportion that are two stahdaviations above the previous
year's average. The lending data are from 2004 and 2005 asd 26 different countries. Each firm-year must have at I8@steekly return observations
and less than 10 weeks with zero returns and countries mustatdeast 16 companies to be included in the sample. The pEgressions are estimated
using GLS random firm-effects with robust (Huber/Whitetbaith) standard errors. T-statistics are reported in gheses and significance levels are
indicated as follows: £statistical significance at the 10% level; **=significantla 5% percent level; ***=significant at the 1% level.

Mean St.dev Cross-Corr D1 D2 ’R Skewness  Kurtosis Extreme Down Extreme Up
Cn(Supply) 0.18 1.15 -0.016 -0.023 -0.024 0.121 -0.063 0.03 0.000 -0.001
(3.65)***  (B8.50)***  (9.07)***  (6.82)*** (4.61)*** (0.53) (0.52) (1.55)
Implied fee (% p.a.) 0.43 0.97 0.009 0.012 0.005 -0.085 0.021 0.038 -0.002 -0.001
(2.18)** (3.13)*** (1.71)* (4.38)*** (1.29) (0.59) (3 007** (2.04)**
Ln(Market Cap) -0.27  1.60 -0.015 -0.046 -0.027 0.273 -0.001 -0.353 0.001 -0.001
(5. 15)*** (18. 19)*** (13. 77)*** (20.93)*** (0.06) (8 00)*** (1 16) (2.43)*
Optionability 0.37 0.48 010 017 0.018 -0.0 50.2 -0.003 -0.003
(1 23) (0 30) (3. 03)*** (0.58) (1. 68)* (2.19)** (2.62)*** (1.56)
ILLIQ 0.21 1.92 0.001 0.006 0.003 -0.030 0.006 -0.003 0.000 .000
(1 03) (2.10)** (2.00)** (1.78)* (0. 89) (0.17) (0.79) (089
Turnover (%) 0.83 1.16 0.000 0.003 0.011 0.003 0.001 0.249 0030. 0.002
(0.01) (1.04) (3.68)*** (0.28) (0.06) (2.96)*** (4.00)*** (3.34)***
Mean(Dependent) 0.02 0.32 0.54 -1.75 -0.07 2.16 0.03 0.03
StDev(Dependent) 0.28 0.24 0.19 1.20 0.92 3.96 0.04 0.05
Observations 6,061 6,061 6,061 6,061 6,061 6,061 6,061 16,06
No. of companies 3,770 3,770 3,770 3,770 3,770 3,770 3,770 7703,
R within 0.08 0.02 0.01 0.03 0.00 0.01 0.03 0.00
R? overalll 0.04 0.19 0.13 0.23 0.01 0.03 0.01 0.01
R? between 0.02 0.27 0.20 0.31 0.02 0.03 0.00 0.01
Year fixed effects Yes Yes Yes Yes Yes Yes Yes Yes




Table XII
Robustness with respect to time period

This table report coefficients of Ln(supply) and Fee in a hada panel of two different periods. Period 1 goes
from March 24, 2004 to March 23, 2005 and Period 2 from July2®)5 to June 28, 2006. The regressions
include the same control variables as the base specifid@lionTableMEX. Other coefficients are notincluded
to preserve space. The’Roefficients are transformed using IRfRL-R?)]. Correlations are transformed us-
ing Cross-correlation=Inf+1)/(1-p)]. D1, D2 and D3 are the price efficiency measures proposdddayand
Moskowitz (2005). Skewness and kurtosis are based on ramnetExtreme Down is the proportion of weekly
returns in a given year that are two standard deviationsabtie previous year's average. Extreme Down is
the proportion of weekly returns in a given year that are ttemdard deviations below the previous year's av-
erage. The lending data are from 2004 and 2005 and cover 28atif countries. Each firm-year must have at
least 50 weekly return observations and less than 10 wedkszero returns and countries must have at least
16 companies to be included in the sample. The panel regressare estimated using GLS random firm-effects
with robust (Huber/White/sandwich) standard errors. alistics are reported in parentheses and significance
levels are indicated as follows=$tatistical significance at the 10% level; **=significantla 5% percent level;
***=gjgnificant at the 1% level.

Ln(supply) Fee
Dep. Variable Period1 | Period2 | Period1 | Period 2
R? 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)***
D1 -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)
Kurtosis raw -0.056 -0.020 0.175 0.108
(0.80) (0.24) (2.97)*** (1.52)
Extreme Down -0.001 0.003 0.001 0.000
(1.58) (5.15)*** | (1.96)** (0.11)
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Table Xl
Robustness with respect to measurement error

The table presents regression coefficients by splittindithres into three groups. Each year the sample is split
into three groups (“Low”, “Medium”, “High”) based on the cffieients of variation of, respectively, Ln(Supply)
or Fee in a given year. The coefficients for each variablehae éstimated separately for each group in a single
regression. The regressions include the same controblasias the base specification (ii) in tailéEV-X. Other
coefficient estimates are not included to preserve space. Rfttoefficients are transformed using IfRL-
R?)]. Correlations are transformed using Cross-correlatioiiz+1)/(1-p)]. D1 and D2 are the price efficiency
measures proposed by Hou and Moskcwitz (2005). Skewneskuatabis are computed from weekly returns.
Extreme Down is the proportion of weekly returns in a givearythat are two standard deviations below the
previous year’s average. Extreme Down is the proportioneskiy returns in a given year that are two standard
deviations below the previous year’s average. Extreme Updgroportion of weekly returns in a given year
that are two standard deviations above the previous yeatage. The lending data are from 2004 and 2005 and
cover 26 different countries. Each firm-year must have at|B@ weekly return observations and less than 10
weeks with zero returns and countries must have at leastrhaoies to be included in the sample. The panel
regressions are estimated using GLS random firm-effectsnotiust (Huber/White/sandwich) standard errors.
T-statistics are reported in parentheses and significavets|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 Low Med. High Low Med. High

R? 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 abnormdl -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)* (1.42) (1.65)* | (3.39)***  (2.23)** (2.12)*

Extreme Down -0.002 0.001 0.001 0.000 0.001 0.001
(3.31)**  (2.05)** (1.58) (1.01) (2.32)* @.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 XIV
Robustness with respect to geographic region

This table split the sample between US and non-US firms. Tha#icients on Ln(supply) and Fee are estimated
separately depending on which country the observatiomigsléo. The regressions include the same control
variables as the base specification (i) in talflés1v-X. Ottuefficient estimates are not included to preserve
space. The Rcoefficients are transformed using IffRL-R?)]. Correlations are transformed using Cross-
correlation=In[p+1)/(1-p)]. D1, D2 and D3 are the price efficiency measures proposdddwand Moskowiiz
(2005%). Skewness and kurtosis are computed from weeklyngtiExtreme Down is the proportion of weekly
returns in a given year that are two standard deviationsabte previous year's average. Extreme Down is
the proportion of weekly returns in a given year that are ttemdard deviations below the previous year’s
average. Extreme Up is the proportion of weekly returns ifvargyear that are two standard deviations above
the previous year’s average. The lending data are from 266842805 and cover 26 different countries. Each
firm-year must have at least 50 weekly return observatioddess than 10 weeks with zero returns and countries
must have at least 16 companies to be included in the sampkepdnel regressions are estimated using GLS
random firm-effects with robust (Huber/White/sandwiclaystard errors. T-statistics are reported in parentheses
and significance levels are indicated as followsstatistical significance at the 10% level; **=significantlag

5% percent level; ***=significant at the 1% level.

Ln(supply) Fee

us Non US us Non US

R? 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)***

> G395 o | S w8
Skewness abnormdl  -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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Table XV: Robustness to Supply measures — Lagged Variables

This table reports regression results using lending suppty borrowing fee lagged by one year. The regressions iadluel same control variables
as the base specification (i) in tab[el_V-X. Other coefficiestimates are not included to preserve space. TheoRfficients are transformed using
In[R%/(1-R?)]. Correlations are transformed using Cross-correlatiofiz+1)/(1-p)]. D1 is the price efficiency measure proposed by Hou and itk
(2005%). Skewness and kurtosis are computed from weeklymgti&Extreme Down is the proportion of weekly returns in a&giyear that are two standard
deviations below the previous year’s average. Extreme Dswire proportion of weekly returns in a given year that are standard deviations below the
previous year's average. Extreme Up is the proportion oklyaeturns in a given year that are two standard deviatitmsathe previous year’s average.
The lending data are from 2004 and 2005 and cover 26 diffe@nttries. Each firm-year must have at least 50 weekly retbservations and less than
10 weeks with zero returns and countries must have at leasbrhanies to be included in the sample. The panel regresaienestimated using GLS
random firm-effects with robust (Huber/White/sandwicla@nstard errors. T-statistics are reported in parenthesksignificance levels are indicated as
follows: *=statistical significance at the 10% level; **=significantla 5% percent level; ***=significant at the 1% level.

Mean St. dev R Cross-corr D1 Skewness  Kurtosis Extreme Down Extreme Up
Ln(Cag[Supply]) -0.04 156 0.061 -0.008 -0.012 -0.034 90 0.000 -0.001
(5.66)***  (3.26)***  (5.77)*** (4.07)*** (2.61)*** (0.96) (2.60)***
Lag(Fee) (% p.a.) 1.06 1.52 -0.066 0.008 0.012 0.002 0.126 0010. 0.000
(6.56)***  (3.60)***  (5.88)*** (0.16) (3.02)*** (1.61) (0.57)
ADR or GDR 0.08 0.27 0.196 0.013 -0.032 0.010 0.351 -0.003 00d.
(4.02)*** (1.06) (3.43)*** (0.25) (1.79)* (2.47)** (2.04%*
Ln(Market cap) -0.30 1.68 0.267 -0.019 -0.044 -0.052 -0.248 -0.001 -0.002
(26.43)***  (8.86)***  (22.17)*** (7.12)*** (7.46)*** (2.1 7)** (6.07)***
Zero-returnweeks  0.03 0.04 -3.298 0.134 0.573 1.317 5.341 0.058 -0.028
(8.07)*** (1.47) (7.02)***  (4.02)*** (3.49)*** (5.49)*** (2.23)**
Mean(Dependent) -1.89 0.07 0.35 0.15 2.38 0.02 0.03
StDev(Dependent) 1.36 0.30 0.25 1.03 4.90 0.03 0.03
Observations 9,789 9,789 9,789 9,789 9,789 8,414 8,414
No. of companies 7,552 7,552 7,552 7,552 7,552 6,380 6,380
R? within 0.09 0.14 0.04 0.02 0.01 0.10 0.12
R? overall 0.32 0.14 0.25 0.08 0.06 0.08 0.07
R? between 0.32 0.14 0.25 0.08 0.06 0.08 0.07

Country-year FE Yes Yes Yes Yes Yes Yes Yes
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Table XVI: Robustness to Supply measures — Price Efficiency Basures
This table reports regression results using alternativessores of lending supply. Residual Supply is the resicifdénding supply scaled by aggregate
supply, after controlling for firm market capitalization tilization is number of shares lent out divided by sharestamding. The R coefficients are
transformed using In[R(1-R2)]. Correlations are transformed using Cross-correlatioiiz+1)/(1-0)]. D1 is a price efficiency measure proposed by Hou
and Moskowitz (20C5). The lending data are from 2004 and 20@bcover 26 different countries. Each firm-year must haveaat 50 weekly return
observations and less than 10 weeks with zero returns amdresimust have at least 16 companies to be included in thplsa The panel regressions
are estimated using GLS random firm-effects with robust @i(White/sandwich) standard errors. T-statistics arentegd in parentheses and significance
levels are indicated as follows=$tatistical significance at the 10% level; **=significantla¢ 5% percent level; ***=significant at the 1% level.

R? Cross-correlation D1 D2
Mean St dev 0 (ii) () (ii) 0 (ii) 0 (ii)

Ln(Residual) 0.00 1.14 0.101 -0.009 -0.018 -0.015

(8.44)%* (3.34)%* (7.59)%** (8.69)***
Utilization 0.21 0.22 -0.008 0.066 0.005 0.017

(0.14) (5.08)*** (0.49) (2.13)*

Fee (% p.a.) 0.93 1.34 -0.070 -0.091 0.009 0.008 0.012 0.015 .0080 0.011

(7.04)**  (8.79)%*  (4.16)**  (3.45)**  (5.79)**  (7.18) **  (6.03)***  (7.13)**
ADR or GDR 0.08 0.27 0.178 0.180 0.021 0.017 -0.031 -0.032 0340. -0.036

(4.09)***  (4.08)***  (1.97)* (1.64)  (3.73)"*  (3.76)**  ( 5.49)**  (5.60)***
Ln(Market cap) -0.26 1.58 0.285 0.284 -0.021 -0.020 -0.048 0.047 -0.031 -0.031

(33.81)%* (32.65)* (11.30)*** (10.53)%** (28.72)%* ( 27.79)%* (24.85)%* (23.78)**
Zero-return weeks  0.03 0.04 -2.896 -3.250 0.305 0.349 0.550 0.612 0.357 0.415

(8.33)*  (9.30)***  (3.86)"**  (4.4T)**  (7.02)**  (8.88) **  (7.24)**  (8.45)r*x
Mean(Dependent) -1.86 -1.86 0.05 0.05 0.35 0.35 0.56 0.56
StDev(Dependent) 1.31 1.31 0.30 0.30 0.25 0.25 0.19 0.19
Observations 14,055 14,031 14,055 14,031 14,055 14,031 0534, 14,031
No. of companies 8,709 8,689 8,709 8,689 8,709 8,689 8,709 6898,
R2 within 0.11 0.11 0.17 0.17 0.05 0.05 0.05 0.05
R2 overall 0.30 0.29 0.14 0.14 0.22 0.22 0.20 0.20
R2 between 0.35 0.34 0.11 0.11 0.28 0.27 0.26 0.25

Country-year FE Yes Yes Yes Yes Yes Yes Yes Yes
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Table XVII: Robustness to Supply measures — Characteristig of the Distribution of Stock Returns

This table reports results using alternatives measuresnaliig supply. Residual Supply is the residuals of lendimply scaled by aggregate supply,
after controlling for firm market capitalization. Utilizah is number of shares lent out divided by shares outstgndBkewness and Kurtosis are
compute from weekly returns. Extreme Down is the proportdmweekly returns in a given year that are two standard dieviatbelow the previous
year's average. Extreme Up is the proportion that are twodstad deviations above the previous year's average. Thngmata are from 2004 and
2005 and cover 26 different countries. Each firm-year muee @ least 50 weekly return observations and less than 1Rsaeigh zero returns and
countries must have at least 16 companies to be includeeisaimple. The panel regressions are estimated using GL8mdiirdn-effects with robust
(Huber/White/sandwich) standard errors. T-statistiesraported in parentheses and significance levels are tediea follows: =statistical significance
at the 10% level; **=significant at the 5% percent level; *Significant at the 1% level.

Skewness Kurtosis Extreme Down Extreme Up
Mean St. dev (i) (ii) (i) (ii) (i) (ii) (i) (ii)
Residual Supply 0.00 1.14 -0.078 -0.010 0.000 -0.001
(8.56)*** (0.26) (1.14) (2.80)***
Utilization 0.21 0.22 0.002 1.203 0.003 -0.002
(0.05) (6.06)*** (1.48) (1.26)
Fee (% p.a.) 0.93 1.34 0.008 0.026 0.126 0.053 0.000 0.000 000.0 0.000
(0.99) (2.95)***  (3.63)*** (1.50) (0.50) (0.25) (1.38) (@2)
ADR or GDR 0.08 0.27 -0.044 -0.044 0.256 0.198 -0.004 -0.004 0.003 -0.003
(2.37) (1.37) (2.74)* (1.35) (3.45)***  (3.50)***  (2.46)** (2.25)**
Ln(Market cap) -0.26 1.58 -0.027 -0.025 -0.196 -0.181 -0.00 -0.001 -0.002 -0.002
(4.32)x**  (3.93)*** (7.29)*** (6.75)*** (2.84)*** (2.83) *** (7.74)*** (7.87)***
Zero-returnweeks  0.03 0.04 0.979 1.301 6.895 6.917 -0.037 0.039 -0.016 -0.015
(3.28)***  (4.41)** (5.04)*** (5.13)*** (3.41)*** (3.65) *** (1.31) (1.24)
Mean(Dependent) 0.15 0.15 2.27 2.26 0.02 0.02 0.03 0.03
StDev(Dependent) 0.96 0.95 3.86 3.86 0.03 0.03 0.03 0.03
Observations 14,055 14,031 14,055 14,031 12,516 12,496 5162, 12,496
No. of companies 8,709 8,689 8,709 8,689 7,651 7,633 7,651 6337,
R? within 0.01 0.00 0.01 0.01 0.08 0.08 0.09 0.09
R? overall 0.07 0.06 0.03 0.03 0.08 0.08 0.08 0.08
R? between 0.09 0.08 0.03 0.04 0.07 0.07 0.07 0.07

Country-year FE Yes Yes Yes Yes Yes Yes Yes Yes
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Table XVIII: Robustness Check — Differential impact between OECD and non-OECD countries
The regressions include the same control variables as im@o(ii) from Table§V,Do rcp equals 1 if a country belongs to the OECD. Correlations aresformed using
Cross-correlation=Inf{+1)/(1-p)]. D1, D2 and D3 are the price efficiency measures proposeddwand Moskowilz (2005). The®Reoefficients are transformed using
In[R?*/(1-R*)]. Skewness and kurtosis are based on raw returns. Extremva Bahe proportion of weekly returns in a given year thattare standard deviations below
the previous year’s average. Extreme Up is the proportiahahe two standard deviations above the previous yearisigee We also report p-values of tests of equality
between coefficients and their respective products wittDBE€D dummy and joint tests of significance of OECD and non-Dfp@rameters. The lending data are from
2004 and 2005 and cover 26 different countries. Each firnn-yesst have at least 50 weekly return observations and less1@ weeks with zero returns and countries
must have at least 16 companies to be included in the samplke pdnel regressions are estimated using GLS random fientefivith robust (Huber/White/sandwich)
standard errors. T-statistics are reported in parentresgsignificance levels are indicated as followsstatistical significance at the 10% level; **=significantlz 5%
percent level; ***=significant at the 1% level.

Cross-Correlation D1 D2 D3 R Skewness  Kurtosis Extreme Down Extreme Up
Dogcp 0.247 -0.109 -0.089 -0.090 -0.098 -0.402 -6.586 -0.066 49.0
(1.89)* (1.15) (1.03) (1.04) (0.13) (0.53) (2.31) @a.77)* 1.9)*
Ln(Supply) -0.034 0.002 0.001 0.001 0.008 -0.037 -0.440 008. -0.006
(3.56)*** (0.17) (0.15) (0.07) (0.19) (0.94) (2.26)** (133 (3.27)***
Dogecp*Ln(Supply) 0.027 -0.021 -0.017 -0.015 0.102 -0.038 0.343 .008 0.006
(2.74)%** (2.31)**  (2.38)**  (2.11)**  (2.27)** (0.92) (1.73)* (1.55) (2.70)***
Fee (% p.a.) -0.013 0.006 0.005 0.005 -0.020 0.018 -0.122 0020. -0.001
(1.61) (0.91) (0.89) (0.86) (0.57) (0.60) (1.01) (2.19) 08).
Dogcp*Fee 0.024 0.006 0.003 0.003 -0.051 -0.011 0.271 0.001 0.001
(2.84)*** (0.80) (0.54) (0.58) (1.38) (0.35) (2.13)** (149 (0.47)
ADR or GDR 0.023 -0.032 -0.034 -0.036 0.169 -0.034 0.317 040.0 -0.004
(2.19)** (3.76)***  (5.41)*** (5.77)*** (3.88)*** (0.99) ( 1.85)* (3.55)*** (1.98)**
Zero-return weeks -0.030 -0.040 -0.029 -0.029 0.304 0.008 0.218 -0.002 -0.002
(3.54)*** (6.10)***  (5.52)*** (5.57)*** (8.72)*** (0.34) (2.12)** (1.97)* (1.54)
Ln(Market cap) 0.306 0.536 0.347 0.308 -2.827 1.061 7.761 .04%) -0.011
(3.87)*** (7.73)***  (7.04)*** (6.63)*** (8.15)*** (3.42) *** (5.37)*** (4.02)*** (0.69)
Dogecp*Ln(Market cap) 0.011 -0.002 0.002 0.002 -0.050 -0.023 30.0 0.001 -0.001
(1.30) (0.33) (0.33) (0.44) (1.41) (0.94) (0.35) (0.92) 5@).
R? 0.14 0.23 0.20 0.22 0.30 0.07 0.04 0.07 0.03
F test: Ln(Supply) params=0 0.00 0.00 0.00 0.00 0.00 0.00 10.0 0.27 0.00
F test: Fee params=0 0.00 0.00 0.00 0.00 0.00 0.63 0.00 0.44 14 0.

F test: Mkt. Cap. params=0 0.00 0.00 0.00 0.00 0.00 0.11 0.00 .00 0 0.01




Figure 1. Northern Rock’s share price - November 2007 - 10min interval
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This figure plots Northern Rock PIc’s share price in 10 mirintervals between November 16th and
November 21st, 2007. Intraday price data come from Reukersh observation represents the average
trading price of all transactions within a particular 10 ot@interval.
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Figure 2. Total Supply of Equities
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The figure shows the total supply of equities available indéiabase from January 2004 to June 2006.

The left axis display the number of different stocks and tghtraxis the aggregate value of lending
supply expressed in trillions of US dollars.

Figure 3. Distribution of supply (% of firm size)
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The figure contains the distribution of supply as a percentafgfirm size on June 28th, 2006. The

vertical axis contains the frequency of firms with yearlyrage lending supply in each interval reported
in the horizontal axis.
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Figure 4. Distribution of yearly VW borrowing fee averages
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This figure contains the distribution of yearly average bwing fees in basis points per year. The ver-
tical axis contains the frequency of firms with borrowingdéeeach interval reported in the horizontal
axis.

Figure 5. Fees and Utilization around dividend payments
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This figure shows borrowing fees and lending volume aroundleind payments. For each firm in
the period between January 2004 and June 2006, we computeetrage borrowing fee and lending
supply on a six-week period around ex-dividend dates. Eixieihd dates are taken from Datastream.
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