10

15

20

25

30

35

40

Do IPOs Affect the Prices of Other Stocks?
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We show that the introduction of a large asset permanenfidetafthe prices of existing

assets in a market. Using data from 254 IPOs (initial publferofgs) in 22 emerging

markets, we ®nd that portfolios that covary highly with tR©lexperience a decline in

prices relative to other portfolios during the month of the issue. The effects are stronger

when the IPO is issued in a market that is less integratednatienally and when the

IPO is bigger. This evidence is consistent with the idea shatks to asset supply have a

signi®cant effect on asset prices. Al

Classical asset pricing models focus on investors' prefes (e.g., risk aver-
sion) to explain the behavior of securities prices. Changasset supply, on
the other hand, are typically considered to be of secondrardportance. In
many models, the potential effects of supply are basicagumed away by
taking the case where supply is either ®xed (e.g., Lucas8) t@perfectly elas-
tic (e.g., Cox, Ingersoll, and Ross, 1985). There has beegent theoretical
interest in relaxing these extreme assumptions to undet e price impact of
changes in the relative supply of risks (see, for exampleh@me, Longstaff,
and Santa-Clara, 2007). However, only a few papers haveghwhether
supply is relevant empirically. In terms of the level of slyppiong, Kubik,

and Stein (2008) document that market-to-book ratios adresUnited States
are negatively associated with a measure of the statetbveelssset supply (the
ratio of each state's total book equity to total personabime). Most other
papers study changes in supply and, in particular, the pffeet of equity is-

sues. For example, Baker and Wurgler (2000) show that thkeharice level
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tends to fall after periods of active issuance. SimilarlfglOand Richardson
(2000) show that an increase in supply through the expiaifanitial public

offering (IPO) lockups lowers the prices of recent IPOs.r€hs also evidence
of supply effects in the ®xed-income market. In an eventystNdwman and
Rierson (2004) show that a very large bond issuance of DeeitSelekom
depressed the prices of the bonds of other European teleanivations ®rms.

We extend the analysis of supply effects by studying the ohp&lPOs on
the prices obtherassets in the market of issuance. In particular, we conduct
event studies over 254 IPOs in 22 emerging markets, and we stad these
IPOs permanently affect the entire cross section of pricéisgir markets. We
show that portfolios that covary highly with the newly addestet experience
a decline in prices relative to other portfolios during thenth of the issuance.
Securities that are closer to the IPO in terms of style (senilar size and
book-to-market ratios) also see their relative pricesideciThese effects are
larger when the supply shock is bigger (i.e., when the IP@rgd relative to the
market, and when the market is more segmented), providin@coation of
the supply mechanism. The magnitudes are considerabletagst that takes
a long position in the portfolio with the lowest covariancghathe IPO and a
short position in the portfolio with the highest covarianeh the IPO yields
approximately 70 basis points over the month of issuance.

Our approach provides a relatively clean experiment forsueag the effect
of supply on asset prices, and it has four main advantagest, lie focus
on supply shocks instead of differences in the level of sppploss market
segments. This allows us to better control for unobsenvaiffierences across
segments (e.g., cultural or institutional differencespvirled that these are
stable in short periods of time. Second, we examine the samebus effect on
the entire cross section of prices in the market, insteadafding only on the
aggregate response (as in Baker and Wurgler, 2000) or oatcass within a
market. In this way we are able to better control hard-tosues, time-varying
conditions that simultaneously affect all assets. In otherds, by going into
the cross section we can control the average price changegdbe time of
the shock, which can be driven by variables different from lature of the
shock itself (e.g., variables that explain why a market ist®or @cold® in
one particular moment). Third, we link the cross-sectiaidct of the supply
shock to various measures of substitutability to the asesdti$ increasing its
supply. For identi®cation of the supply effect, we do notdneeassume that
a particular IPO carries no new information about the funelatals of the rest
of the assets in the market. We just need this informatioretarcorrelated
with the various measures of substitutability that we ugealfy, we consider
a number of countries with various degrees of integrationnternational
markets, different levels of market capitalization, antuaee. This allows us
to test whether the supply effect depends on the size of tueiselative to
the market of reference or the pool of potential investarghis respect, our
focus on emerging markets comes from the need to have eiakarge supply
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shocks. Because of their sheer size, a single IPO cannotaaigni®cant
effect in larger and more developed markets, but the meshmadéescribed in
this paper is also applicable to IPO waves or periods of adfisuance and
repurchase.

The next sections present a discussion of different thieatedpproaches
(Section 1), and a description of the methodology and the (&xction 2). The
results follow in Section 3. We then conclude.

. The Effect of New Issues on the Price of Other Assets

i

A change in asset supply cannot have an impact on prices irrld wb at
asset demands. However, the underlying assumption belih@dnd stable
asset demands is that changes are small. As Scholes (19722)pputs it:
aThe corporation, which issues additional claims to ®nameestment, adds to
the stock of assets that must be held; but this addition isnasd to be a small
percentage of assets. At the time of a new issue there sheuld éffect on the
market price: ::.° Starting with Shleifer (1986), the subsequent literatan
demand curves for stocks has disputed the idea of “at demameds for small
changes, based on the absence of close substitutes ansl timitbitrage.
We focus on large changes in supply, which can have an effgetrdless of
whether there are limits to arbitrage or not.

In what follows, we rationalize the effect of supply changesasset prices
under three different families of models. We focus on the wam prediction
across models, namely that the covariance of a stock witméleasset (the
IPO) affects the direction and magnitude of the repricindnigh and positive
covariance with the IPO implies that the IPO is a 2good stib&? for the
stock, and therefore implies that the price of the stock khbe hit harder as
the new asset enters the market. These models are esgantdkls of relative
pricing, in which the new asset affects prices because @&®eés the portfolio
of reference.

We comment only brie'y on other ancillary predictions thack model
makes that could allow us to distinguish between them in #ta.dVhile we
explore some of these differences in the empirical part, wereore interested
in documenting the basic fact than in providing a de®nitgtfor the different
models.

We assume throughout this discussion that capital marketsegmented
by country as we de®ne relevant markets as national equitigetsa There
is plenty of evidence suggesting that emerging markets ateparfectly

More recent papers in this literature include Wurgler andrabskaya (2002) and Barberis, Shleifer, and Wurgler
(2005), who study the demand curve for stocks in the conteiidex additions. Kaul, Mehrotra, and Morck
(2000) and Greenwood (2005) study index rede®nitions. tlevd€ooney, and Van Drunen (1991) study the
price effects of stock offerings in regulated ®rms. We foausross elasticitiesba quantity change in one asset
affecting the price of another assetbwhile the literature @ménd curves for stocks is exclusively focused on
own-price elasticities.



135

140

145

150

155

160

165

170

175

The Review of Financial Studies

integrated to international capital markets (see Bekamettdarvey, 2003, for a
survey).

1.1 Frictionless model: the capital asset pricing model

Assume that there is a representative agent with CRRA (annhstlative risk

aversion) preferences in each market. Under other staradatgmptions and
the absence of frictions, Merton (1980) shows that the mai&k premium

can be written as

E(rm)i ry D gs?; 1)

where the parameteris the coef®cient of relative risk aversion of the represen-
tative investor, ands?, is the variance of the market return. The CAPM (capital
asset pricing model) holds in each market and thereforexpeoted excess
return on assetis equal to the beta of the asset times the local risk premium:

E(ri)i re DB[E(rm)i r¢] D gsim: )

The second equality in Equation (2) is obtained by using &@&rition of market
betab; D sim=s2, wheresin, is the covariance of assednd the market return.
Now assume that a new asset, the IPO, is introduced in theemarke
market initially has D 1,:::,nassets, so the IPO is asedl 1. We refer to the
market withn assets as market 0, and to the market withl assets as market 1.
The weight of assetin market 0 is denoted b$;;.o (analogously for market 1).
We assume that the number of sha@e$s constant and, therefore, any change
in the market weight comes from a change in price. With theothiction
of the IPO, the covariance on the right-hand side of Equat®nchanges,
and consequently expected returns change. Assuming,niglisity, that the
risk-free rate stays constant, we can express the changpécted returns as

xn
1 E(ri) D 9&ipoSisipoi 9 (&j0i &j;1)Sij: 3
iD1

Equation (3) has two opposing terms. In order to simplify ititerpretation,
®rst consider the case of an asset that has zero covariaticthavioriginaln
assets, but a nonzero covariance with the IPO. In markee@xpected return
on this asset is the risk-free ratebthe asset has no sysienskt. The change
in expected return on this asset corresponds only to thég®msin Equation (3)
since all the other covariances are zero. The sign of thegeh&amgiven by the
sign of the covariance with the IPO. If the covariance with RO is positive,
then the asset receives a risk premium in market 1; if ther@wee is negative,
then the asset receives a risk discount because it is a galo lagainst the
“uctuations of the IPO. The magnitude of the effect is in @ed by the weight
of the IPO in the marke&;,,, and by the price of risk given by the investor's risk
aversion.
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The second term in Equation (3) tends to offset the effedt@®irst term. The
®rst term is the direct effect of the IPO, while the seconch tisrthe indirect
effect because it depends on how the other preexistingsassétie market
also respond to the IPO. The intuition is the following. Frtime ®rst term
we know that an asset that covaries positively with the IP&2ixes a higher
expected return, a lower price, and consequently a loweghtén the market
portfolio (ceteris paribus Therefore, assets with positive IPO covariance see
their market weight decline because of the ®rst term in EmudB8). But
the decrease in market weight leads mechanically to a loweariance of
these assets with the new market and a lower risk premiumpeliaimg the
previous increase in risk premium. The second term in Eqond8) captures
this dampening effect. The indirect effect of the IPO is ko be of second
order except for extreme cases, which occur when the markbtire of an
asset gets close to 100% (see Cochrane, Longstaff, and Skantg 2007Y.
We focus on the direct impact af;.jp, throughout the paper, so, if anything,
the second term in Equation (3) biases our empirical styasdgginst ®nding a
result.

The case of the entire market illustrates the linear depsselef changes in
expected returns with respect to the IPO covariance:

£ o]
1 E(rm) D 9&ipo Smipoi S D 9&ipoSi[bipo i 1]: 4)

This equation shows that in this model, the average effeth@iPO on the
market is not necessarily negative, but that the effect nidpen whether
the IPO has a market beta above or below 1. In other words hiéyege in the
compositionof the market is crucial and not simply the change in stz of
the market. For instance, the market premium does not chiatigelPO beta
is equal to 1, which is to say that there is no price changeiftarket grows in
a balanced way by perfectly replicating itself. In genesiie is relevant in this
model, but to determine the magnitude of the effect and resign. Market
segmentation can also be understood as another way of gattyénrelative
size of the IPO. In a less segmented market, the relevantainealitalization
includes foreign assets, which amounts to say #ag$ shrinks. In the extreme
case of a fully integrated market where the world market ésrdference for
the CAPM (Karolyi and Stulz, 2003), any IPO necessarily hasgligible size
and therefore the change in expected returns in Equatids ¢yo®

In terms of CAPM betas, this point can be understood as followgeneral, a positive IPO covariance increases
the systematic risk of a stock and therefore its beta. Howesen asset grows and becomes the entire market, its
beta has to eventually converge to 1. Therefore we could edséocks with betas higher than 1 that experience
a fall in beta even if they have a positive covariance with 4.1 The examples in Cochrane, Longstaff, and
Santa-Clara (2007) suggest that this convergence happéninacases where the asset represents more than
70% of the market, which makes this concern not empiricaligvant, at least in our sample. The median market
share of industry portfolios in our sample is 3%; the 95ticpatile of the distribution of market share is only
36%.

We are implicitly assuming in this discussion that the IP€ates a new source of wealth in the economy. The
IPO has the potential to affect other asset prices becaus#ei®rees what the market is. This is in contrast with
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1.2 Downward-sloping demand curves for stocks

Demand curves for stocks are “at in a frictionless benchnmargh as the
CAPM. They are downward sloping if there are frictions thegtrict arbitrage,
indicating that the market has a limited capacity to bedsrisnd adjust to
shocks (De Long et al., 1990; Shleifer, 1986; and Shleifer\éishny, 1997).
Here we present a reduced-form model with downward-slogiemands to
motivate the key prediction. We do not explicitly model thietfons that limit
the risk-bearing capacity of the market. For simplicity veef the representa-
tive agent framework, although the standard practice ibéavioral literature
is to consider models with heterogeneous agentsbsome of tlagional and
others affected by cognitive biases. We cannot do full gestd the richness of
behavioral models in this short discussion.

In contrast to the ®rst section, assume that the repreiserggent has CARA
(constant absolute risk aversion) preferences, whichtealard assumptionin
the literature with downward-sloping demands. Followimgportfolio analysis
of Grossman and Stiglitz (1980), in equilibrium the priceaset is

xXn
PDmig Qjsij %)
iD1

where mis the expected dividend of the asédthe slope of the demand curve
in this case is@,=@; D i gs?: As the IPO enters the market, the change in
price is given by

1 P| D i gQiposi;ipo: (6)

In the case of CARA preferences, it is easier to work with gsinstead of
expected returns, but the implications of Equation (6) ax@agous to those
of Equation (3). The price of a stock with a positive covacmvith the IPO
falls, and this effect is magni®ed by risk aversion and tke sf the IPO.

Despite the fact that demands are downward sloping, théchegrof stocks

follows a similar intuition as in the CAPM because both mgdate mod-
els of relative pricing. Any stock is priced in comparisonthe rest of the
stocks in the market. The portfolio of reference changeswhe new stock
enters the market, and the covariance with the IPO meadoeeisnpact on
each particular asset. The effect of the IPO covarianceesetore a prop-
erty of a broad class of models that use relative pricing astdonly of the

CAPM.

an asset in zero net supply, i.e., an asset that does nat cr@atwealth, in which case the relative prices of risky
assets remain unchanged (Willen, 2005). However, even aniassab net supply can affect relative prices if

we add frictions, for example, if the owners of the ®m goinglje are liquidity constrained before the IPO. If

these owners are not able to invest freely in other assets hi#@i®O, the risk to which they are exposed is
not fully re"ected in market prices. Going public and the sequent alleviation of liquidity constraints for these
investors most likely change equilibrium prices.

4 There is a slight abuse of notation because wesyséo represent the covariance between returns in the ®rst
section and the covariance between payoffs in this section.
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280 Change in demand for assethen a new asset enters the market in different models.

Figure 1 illustrates a fall in demand for an individual stonkhe CAPM
and in the model with downward-sloping demands. The IPQsstiié position
of the demand in the CAPM, but the demand remains "at. For argprice

285 (expected return), the market demands zero or in®nite b$tbek. In the case
of limits to arbitrage, the IPO also shifts the whole demamde as the market
is rede®ned, but the demand continues to be downward sldpiotper words,
the IPO affects the position of the demand curve in both ngdeaving the
slope of the demand unaffected.

290 The market reaction to the IPO is the same as in Equation @pgxXor
substitutingi D m. Therefore, the effect on the market is most likely negative a2
Only if the IPO has a negative covariance with the marketbabhis not
common in empirical applicationsbis the effect on the markteen positive.
This is almost a direct implication of the limited capacitytiear risk that is

295 assumed in this model.

We have focused so far on covariances, which can be ratrauaivithin
both classes of modetsHowever, the behavioral literature also argues that
investors use 2styles® to allocate their wealth and therefore to price assets. For
example, Barberis and Shleifer (2003) suggest that invest@assify assets

300 using easily observable characteristics such as belorgittte S&P 500 In-
dex or the book-to-market ratio of the stock. We can imaghe investors
rebalance their portfolios as an IPO enters the market iardcdmaintain their
desired exposure to different styles. In this process,tadbat have a style
similar to the style of the IPO are substituted away morengfisothan other

305 assets. For example, if there is a downward-sloping demarfdjfowth® (low

5 Other characteristics such as size and the book-to-marketaati be incorporated into fully rational models
(see, for example, Gomes, Kogan, and Zhang, 2003).
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book-to-market), a growth IPO can crowd out and lower thegof other
growth stocks as we move along the demand curve for growtheltradition
of the behavioral literature, the downward-sloping demeartlbe the result of
the interaction of biased investors, who judge assets irpeoison to their asset
class, and fully rational arbitrageurs, who price asseteth@n fundamentals.
Frictions such as performance-based contracts (ShleitEveshny, 1997) and
short horizons (De Long et al., 1990) prevent arbitragetms fdriving prices
back to fundamentals when style investors buy or sell assetise IPO enters
the market.

With frictionless arbitrage, no change in price is obsergadhe issuance
date if agents have rationally anticipated the IPO. In a rhadlé limits to
arbitrage, the effects are probably still seen at issudfmeinstance, there is
no certainty about the issuance when management annouacss@do it or
®les for it; rather, the probability of issuance grows sjowltime and reaches
its peak only on the actual date of listif@his implies that there is a substantial
risk to the arbitrage strategy of selling short stocks widhHPO covariance
and buying stocks with low IPO covariance, which detersteapeurs from
pursuing it and affecting prices before the date of issugbeeLong et al.,
1990; and Shleifer and Vishny, 1997). A similar logic is apglby Ofek and
Richardson (2000) to argue that the response to anticigaigidations of IPO
lockups is evidence in favor of downward-sloping demanée @so Hong,
Scheinkman, and Xiong, 2006).

Empirically, we expect a negative market reaction to eqisisyies accord-
ing to the model with downward-sloping demands, while thekeareac-
tion is ambiguous according to the CAPM. These market-widsliptions
are independent of the cross-sectional heterogeneityptitatmodels predict
(i.e., some prices falling less than others or even incngdsiThe evidence on
market timingbthe fact that periods of active issuance pae periods of low
market returnsbin the United States (Baker and Wurgler, ®0@nd in the
same database that we use in this paper (Henderson, JeyaatedBVeisbach,
2006) suggests that the market reaction is mostly negativayor of a model
with downward-sloping demands.

1.3 Price pressure

The previous models coincide in that the effect of the IPO e®rftom a
permanentchange in the demand for a stock in contrastrémsitory price
pressure (Harris and Gurel, 1986). The idea of price predsuhat during the
period surrounding the IPO, investors need to ®nance tbetisition of the
new stock by selling other stocks, and that market makersrgewilling to
take the stocks at a discount. It is possible that the dedgréeeaiscount is
correlated with the IPO covariance if investors sell simftocks to ®nance
the acquisition of the new asset. However, as investord bipiliquidity again,

6 For example, in the United States, there were 885 IPO withalsabetween 1998 and 2006.
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they buy back the shares previously sold and prices rebautttketr original
level. Therefore, if the initial effect is due to a liquidishortage, we should
observe larger pricecreasesn those stocks with a high IPO covariance in the
period that follows the IPO.

The price pressure hypothesis has the unique predictiomicd peversal
following the main event, or to be more precise, following #bnormal volume
produced by the event. This has been the key differentiatiediction in other
applications such as index additions (see, for example], Kdehrotra, and
Morck, 2000).

2. Event Study around IPO Dates
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IPOs do not go unnoticed in emerging markets. In contraststieer size of
these transactions attracts the attention of all big ilmvessuch as pension
funds and international funds. IPOs are focal points, paldily if they are
listed alone during the month, and they can stir the whol&ketave therefore
conduct an event study around the date of listing of new ssue

We focus on emerging markets for two reasons. First, theskatsaare small
and imperfectly integrated with international marketskimg IPOs relatively
bigger shocks. For example, the average IPO in our sampjeigaent, relative
to the capitalization of its national market, to 25 times HR® of Google in
the United State§1POs are even bigger relative to volume traded in emerging
markets due to limited liquidity and free- oat. Second, bakimg cross-market
comparisons, we explore variations of the basic test agtititional setting
changes. This second layer of tests improves the empideati®cation and
reduces concerns about omitted variables bias.

A crucial element of our experimental design is that we stihgychange in
price of the existing stocks in the market, and not of the camgygoing public
Equity distributions are plagued with asymmetric inforioat as noted by
Myers and Majluf (1984) and many other papers that follow&d.focus on
otherstocks precisely as a way to circumvent these signalinggsae think
it is reasonable to assume that the IPO does not signal relevarmation
about the future cash “ows of other ®rms listed in the mapeathaps with the
exception of close competitors to the ®m going public. &ddr constraints
are important, it can be argued that a change in capitaltstejcdue to an
IPO for example, conveys information about ®ms in the sammdyat market
(Chevalier, 1995; and Phillips, 1995). However, when thiglof ® ms outside
the group of close competitors and in other industries, B most probably
does not reveal a great deal of information about cash “oasrttarket partic-
ipants do not already know. Arguing that the IPO has sigggbiower implies

7 The IPO of Google, in August of 2004, had proceeds of $1.6ihillThe joint capitalization of the NYSE and
NASDAQ was approximately $16 trillion at the time.

8 For the effect of issues on the same company, see the sunRigtby (2003).
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that managers or owners of the ®m going public have valuafdemation
aboutall of the other ®ms in the market that investors do not have hiti t
that informational asymmetries of this type are too stranbe a general de-
scription of IPOs. Therefore, we interpret the changesitegrthat we observe
as coming from changes in expected returns rather than riemiation about
future cash ows.

2.1 Data sources

Stock prices come from the Emerging Markets Database (EMDR) use
dollar prices as of the end of the month. We do not use dailg batause
many stocks are traded only sporadically in emerging maylatd thus too
often we observe zero daily returh§Ve de®ne the market return as the value-
weighted return on the EMDB stocks in the country during tloath. We form
17 value-weighted industry portfolios in each countrydualing the industrial
classi®cation of Fama and French (199Mot all countries have 17 industries
in every date. Forming portfolios is necessary to correctlie unbalanced
nature of the panel with individual stocks since the numbetacks listed on
the EMDB varies substantially across countries and acimss-t Working with
individual stocks would give unequal weight to certain ég@m countries. Also,
as is standard in the asset pricing literature, we work witttfplios instead
of individual assets in order to minimize measurement sriovariables such
as covariances or betas. Having said that, the median nuohis&wcks in the
portfolios that we form is 4 (the 25th percentile of the disition is 2; the 75th
percentile is 9) and therefore we are not too far from workirtp individual
stocks.

The IPO data come from Thomson Financial's SDC Platiféie start
with all common equity primary IPOs. We then restrict the phario the is-
sues where the ®rm is listing in its home market. The samgledss events
initiated by ®rms already listed (®rms issuing either a nkasscof stock
or in other markets). IPOs are considered as events onlyeifathount is
larger than $20 million, which leaves out data of debatahlelity and re-
tains issues more likely to have a material impact on prigés.use IPOs
that are issued in a month in which no other IPO larger thanriton is
listed in the same market in order to keep the identi®catidheoevents as

Lesmond (2005, Table I) reports that stocks in emerging mahk#s up to 50% of zero-return days in a quarter,
that is, it can occur that a stock is traded in only half of théeptial trading days in a quarter.

The de®nition and returns associated with these industijofios in the United States can be found on Ken

French's website (http://mba.tuck.dartmouth.edu/pégesity/ken.french/data_library.html). We match SDC's

SIC and EMDB's GICS classi®cation to the classi®cation byedama and French (1997). We also perform

tests with Fama-French's 48-industry classi®cation ataimkimilar results. The panel looks more unbalanced
in that case because of missing industries in some countriepexiods.

For example, Chile has 35 stocks in the EMDB in 1990 and 48 ifD2B0rea has 78 stocks listed in 1990 and
162 in 2000.

Henderson, Jegadeesh, and Weisbach (2006) provide a campiehstudy of this dataset, including all types
of equity issues and debt issues.

10
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clean as possible. Simultaneous events would make inferead since we
are studying the effects of IPOs on the other stocks in a rh&tkerom the
SDC we keep the issuance date, the dollar proceeds of thedf®Dthe is-
suing ®rm's country and industry. The announcement datheofRO is not
available.

After matching the EMDB and SDC data, we end up with 254 IPO32in
different emerging markets, corresponding to the 19892Za0nple period.
The main restriction for not studying earlier years is thartsof the SDC
database. The IPOs are evenly distributed across yearsehliserve a higher
concentration of IPOs in Asia. This is not surprising sinoax®ial markets are
deeper and more integrated there (Bekaert and Harvey, 18ppjoximately
one-third of the IPOs are in the ®nancial industry (banlkssjremce companies,
and others). Table Al in the Appendix provides a more detaikscription of
the sample and summary statistics.

2.2 Basic regression
The regression that we estimate is of the following type:

RS, D aC bsi;ipo C ; (7

where the dependent variable is the abnormal return onindpertfolio i in
countryc during the montht of issuance of an IPO in the country. For each
event (IPO) we have at the most 17 return observations qneng to the

17 industry portfolios. We then stack returns from all egenthich vary across
time and countries. The vectoa represents a set of IPO ®xed effects. The
main explanatory variable measures the covariance ofnrehatween industry
portfolioi and the IPO. We allow residuai, to be correlated across industries
and through time in the same country (i.e., we cluster reggdoy country).

We measure abnormal returns in two ways. First, we simplyraabthe
market return, which we call the market-adjusted returve@ithe IPO ®xed
effects, running the regressions with market-adjustaeatmstor raw returns is
equivalent. Second, we compute the return in excess of agnaridel return
estimated with data from month 30 to monthtj 7. We lose approximately
10% of the observations with the second method becauseuiresca longer
time series for each industry. For this reason, and becdtise methodological
issues with in-sample covariances (see the next sectionpreferred measure
is the market-adjusted return.

We concentrate on the within-market variation by includin@ ®xed effects
that absorb the market-wide "uctuation (or any change inrible-free rate).
Being able to control for unobserved characteristics d¢tutes a major advan-
tage of our empirical design, because the results are ratostitted variables

The total number of IPOs in the SDC sample of emerging markets668. From these, 6,938 are local IPOs.
Imposing the restriction of more than $20 million in procedéehves us with 1,443 events. Finally, 254 IPOs are
listed alone in a given month and country.
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that vary along any combination of the country, time, and -iRQustry di-

mensions. By focusing on the cross section of prices ratr@r the market
price level, we remain silent about the market timing of ggissues (Baker
and Wurgler, 2000; and Henderson, Jegadeesh, and Wei&t¥¢), The need
to control for country unobservables is critical given thwidence on cross-
country differences in valuations (La Porta et al., 2002) B#O underpricing
(Ljunggvist, 2007), and the fact that these differencesnatefully explained

by the literature.

2.3 Proxy for the IPO covariance

The main obstacle to run the regression in Equation (7) istbieacovariance
with the IPO is not observable before the ®m goes public.iticakissue in

this regression is to ®nd an appropriate proxy for this fségiaOne natural
candidate is the historical covariance between an indastdythe industry of
the IPO, which is almost always observable before the IPQudder, on top

of being noisy due to the lack of a long time series and the dtisnchanges
in market structure, using an in-sample covariance woufdalehe purpose
of the experiment. Our whole approach hinges on the ideactiaiges in the
composition of a market change asset prices and the comoverheeturns.

Covariances have embedded in them the characteristice setiment where
they are traded, which makes any in-sample covariance ramcgyoxy for the

true, unobservable, and forward-looking covariance prieisethe model. The
structure of the market affects the dynamics of returns e&/shfor example,

by Bekaert and Harvey (2000) and Henry (2000), who study hogksprices

react when an emerging market opens up to foreign investoassimilar vein,

Barberis, Shleifer, and Wurgler (2005) show that stocksddd the S&P 500
exhibit changes in their degree of comovement with otheckstanside and
outside the index.

In terms of the econometrics of regression (Equation (A problem with
in-sample covariances is that they are endogenous, orhtbyatatre correlated
with the error term in the regression. Another example, timge from the
corporate ®nance literature, can illustrate the potectiaélation between,
and the covariance computed with local data. Firms are lysorglanized in di-
versi®ed conglomerates in emerging markets because abdhelgvelopment
of ®nancial intermediaries. A high covariance between ®&amsre ect the
existence of these internal capital markets (Lamont, 1987uch a case, an
IPO can signal the alleviation of ®nancial constraints foeatire set of ®ms
within a conglomerate, and therefore cause a simultaneloaisge in prices
in all of them. The key point here is that the IPO can signal imdarmation
about the future cash “ows of these related ®rms, like in tbdahof Myers
and Majluf (1984), and therefore it does not represent a pupply shock
that only affects discount rates. The extent of these iaterapital markets
is the omitted variable hidden in the error term and coreelatith the local

12



Do IPOs Affect the Prices of Other Stocks?

covariance. Unfortunately, measuring these inter®rnsligksirtually impos-
530 sible, at least for a broad sample like the one we study.

Our approach is to use an out-of-sample proxy for the IPOrtanee, which
we argue is more reasonable to assume to be uncorrelatetheidrror term.
We compute the covariance of returns between each pair oirids in U.S.
monthly data from 1974 to 2003. Table A2 in the Appendix pnes¢he 17

535 17 covariance matrix with the 153 different covariancescBystruction, these
estimated covariances do not vary with the institution#tirsge and the equity
composition peculiar to each emerging market, which mak@stmore robust
to misspeci®cation and less prone to measurement error.

The covariance has to be a forward-looking measure of gutasiility be-

540 tween assets since it speaks about the future distribuficeturns. Therefore,
our assumption is that the covariance structure observétkitunited States
is a good forward-looking benchmark. The United States igbaliversi®ed,
internationally integrated market, and with relatively more active arbitrageurs.
It is natural to assume that markets tend to behave morehigdénchmark as

545 they develop.

However, the question remains how good this proxy is for th&bgervable
covariance between the IPO and the other stocks in a marketder to give
some support for our proxy, we construct historical inteustry covariances
in each market. These are highly correlated with the U.Sarcance structure:

550 the average rank correlation is 0.45, and in all but thre@@fcbuntries in our
sample, we strongly reject the hypothesis that the rankirigeotwo measures
is independent. Given that we exploit within market, crasset variation, we
just need the ranking of the interindustry covariances todbatively stable
across countries. In fact, in some tests we use the intesindranking instead

555 of the magnitude of the covariance. This shields our resigtinst potential
misspeci®cation. For instance, Morck, Yeung, and Yu (28006)v that stocks
in less developed markets tend to be more correlated, lgadachanically to
higher covarianceséteris paribug However, even if all covariances are higher
in some markets, our variable is valid as long as the rankfrgpmovement

560 across industries does not change dramatically.

Table 1 provides the highest and lowest covariances for sndustries in
our U.S. data. As can be expected, the highest covariandevaysfor the
same industry. Machinery, for example, is highly corradatéth itself, steel,
and consumer durables, but not too correlated with food &hitias. Food, on

565 the other hand, is highly correlated with industries sucheal and textiles.
Our comparison of covariance structures across countigggests that similar
patterns can be observed in emerging markets, despite ripe diffferences
between the industrial structure of the United States ahdranarkets. For
example, food tends to be more correlated with retail thath wiachinery.

570 These comparisons also emphasize the advantages of wavkimgndustry
portfolios instead of individual assets. It is more reasd@#o assume a stable

13



The Review of Financial Studies

Table 1
Highest and lowest return covariances for selected indusies
575 Industry Highest covariances (17+13) Lowest covariance$)(5
Machinery Machinery Banks
Steel works Consumer products
Consumer durables Oil
Everything else Food
Construction Utilities
Food Food Machinery
580 Retail Steel works
Textiles Mining
Construction Utilities
Consumer products Oil
Banks Banks Mining
Construction Food
Textiles Consumer products
Transportation Qil
585 Retail Utilities
This table shows the ®ve industries with the highest and be@sriances with food, machinery, and
banks (®nancial industry). The ranking follows the covarés in monthly excess returns of U.S. industrial
portfolios between 1973 and 2004. The industry de®nitiongspond to the 17 groups of SIC Codes de®ned
on Ken French's website.

590 . . . L
covariance structure at the level of industries than at ¢lellof individual
®rms, resulting in less measurement error and a better.proxy

Another issue is whether our proxy for the IPO covarianceides enough
variability for a given industry across events (IPOs). We study this issue in

595 Table 2, which shows the dispersion of covariance rankingsur sample.
First, we assign to every industry in each event a ranking/eeh 1 (lowest)

Table 2
Summary statistics for ranking of IPO covariance by industry
Industry Average Median Minimum Maximum No. of

600 ranking ranking ranking ranking observations
Food 47 4 1 17 249
Mining 5:9 5 3 17 181
Oil 3:0 2 1 17 150
Textiles 131 15 6 17 204
Consumer durables » 12 8 17 121
Chemicals 9] 8 6 17 211

605 Consumer products 2 3 2 17 149
Construction 19 15 12 17 245
Steel works 16 13 3 17 167
Fabricated products i) 9 7 17 65
Machinery 129 13 1 17 197
Automobiles 83 8 5 17 170
Transportation 1P 11 9 17 199

610  Utilities 19 1 1 17 111
Retail 117 12 3 17 184
Banks 14 8 5 17 252
Everything else a 7 2 16 250
We assign a ranking between 1 and 17 to the industry portfolitise market for each IPO in our sample.
The ranking follows the ordering of covariances with the IP@uistry according to the returns of U.S.

615 industrial portfolios between 1973 and 2004. The highesakance corresponds to ranking 17. We then

summarize the ranking of an industry across all IPOs in theptartPOs cover the time period 1989+2002
in 22 emerging markets. Other details on the selection osI&@ in the text.
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and 17 (highest) based on the covariances in U.S. data. \WWestiramarize
the ranking of a particular industry across all events insample. In a perfect
experiment we would expect the average ranking to be 8.&atidg that the
620 industry is half the time in the low-covariance group and ttzé time in the
high-covariance group. In our sample, 10 out of 17 industniave an average
ranking in the range close to 8.5. Within each industry,dtisra substantial
variation as also shown by the minimum and maximum rankirigndustries,
except for one, take the top position (highest covariant&ast once. Also,
625 9 out of 17 industries take at some point a position among ttin three
covariances. Therefore, even though some industries hdighar average
ranking than others (construction vs. utilities, to take the two extremes), itis not
the case that industries are permanently in the high- ordovariance group.
For the majority of industries, the ranking changes sulhistiyndepending on
630 the IPO that has been listed in the market.

Despite the advantages of the proxy for the IPO covariaretenth propose,
we also check the robustness of our results by using in-saogphariances. On
top of the historical country-speci®c covariances, we@gtpute time-varying
country-speci®c covariances, which are speci®c to each ievthe sample.

635 When we run regressions on in-sample covariances, we imstruthem with
the U.S. covariances in order to account for endogenedy, lependence on
local conditions) and to reduce measurement error.

3. Empirical Results
640
3.1 Asset prices fall as the covariance with the IPO increase
Table 3 presents results for the basic regression. The Gifettseare not
reported, although it is worth mentioning that the averaaye return during
the month of an IPO is 0.30% with a standard error of 0.70%. Despite being
negative, the average effect is not statistically signi®ca

In the month of the IPO, the coef®cient of the IPO covariasagegative
and signi®cant at the 5% level with both de®nitions of ababreturns. The
coef®cient in the regression with market-adjusted retumpdies that a one-
standard-deviation increase in the IPO covariance malkatdeeprices fall by
0.40%. In order to put this number in perspective, considerexample, that
HML (the book-to-market factor of Fama and French, 1993ggian average
premium of 0.40% per month. An alternative way of quantifythese magni-
tudes is to use the IPO covariance ranking of each industityeasxplanatory
variable. Using the ranking is also a way of controlling farspible nonlin-
earities that might be present in the data. The results ifeTalindicate that
moving one place closer to the IPO in the ranking makes pfaddsy 5.9 basis
points (3.8 basis points when using market-model abnoretaims).

The fact that we ®nd an effect during the month of issuancé&antints
a frictionless model where the effect is concentrated atotire date of

645

650

655

660

15



9T

002
S69
069
G89
089
S/9
0.9
S99

Table 3
The effect of an IPO on the stock returns of other ®ms: basic edence

Month relative to IPO

Previous month Month of IPO Following month

Dependent variable: market-adjusted return

Covariance with IPO industry i 2.38(3.83) i 6.75(3.28) i 2.41(3.51)

Covariance rank i 3.16 (3.82) i 5.92(2.40) i 2.59 (2.43)

No. of observations 3084 3084 3105 3105 3084 3084

No. of IPOs 253 253 254 254 254 254

R2 0.14 0.14 0.12 0.12 0.13 0.13

p-value covariance coef®cientlPO month 13% 21% 8% 10%
Dependent variable: market-model abnormal return

Covariance with IPO industry i 2.72 (3.53) i 5.49(2.28) 1.88(2.37)

Covariance rank i 3.21(3.82) i 3.87(2.53) 1.25(2.49)

No. of observations 2708 2708 2725 2725 2739 2739

No. of IPOs 242 242 243 243 244 244

R? 0.25 0.25 0.24 0.24 0.24 0.24

p-value covariance coef®cientIPO month 25% 44% 1% 5%

This table shows the results from the following regression:
R, D aC bsi;jpo C

In the top panel of the table, the dependent variable is therref industryi in countryc in excess of the local market return during a month (marki@isted returns). In the
lower panel, the abnormal return is computed with a marketahestimated between monthg 7 andt j 30. The local market is de®ned as the value-weighted sum of all
stocks in that country and month reported in the EMDB datab@ssults are shown for mortttwhich is the month of the IPO, and for monthis landt C 1. The independent
variable is the covariance between industand the industry of the IPO. This covariance is estimatetl mionthly industrial returns from U.S. stocks between 1978 2004.

The industry de®nitions correspond to the 17 groups of Si€€de®ned on Ken French's website. The results are alsmarsing the rank of the covariance of each industry
with a given IPO industry. The covariance rank ranges from 17toThe coef®cient on the covariance rank is multiplied b@am, so it is interpreted as basis points lost (or
gained) when moving one place in the ranking. The IPO ®xedteff@i the equation above) are not reported. Details on the setect IPOs are provided in the text. Returns
in the dependent variable are truncated at the 1% and 9996 .|®ebust standard errors clustered by country are reghbetow the coef®cients. Signi®cance (two-sid&d):%,
°°5%, °10%.
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705 Table 4
Average returns for portfolios formed using the IPO covariance

Average return in month relative to IPO

Previous month Month of IPO Following month
Portfolio with low IPO 0:15% (848) 015% (861) 029% (852)
710 covariance
Portfolio 2 i 0:31% (744) 015% (748) 027% (738)
Portfolio 3 i 0:44% (653) i 0:33% (659) 020% (649)
Portfolio with high IPO i 0:29% (839) i 0:51% (837) i 0:29% (845)
covariance
Low-high 044% 066% Q00%
p-value 21% 5% 98%
715

This table shows average market-adjusted returns for fatfghios formed using the ranking of IPO covariance.
Portfolio @low® includes industries with ranking betweerafid 5; portfolio 2 includes industries with rankings
between 6 and 9; portfolio 3 includes industries with rankibgtween 10 and 13; and portfolio 2high® includes
industries with rankings between 14 and 17. Returns are istiomthe month of the IPO, the month previous
to the IPO, and the month following the IPO. The number of sides in each case is reported in parentheses.
Industries are weighted equally in each portfolio. The last Ehows thep-value of the test that the return on
portfolios 2high® and 2low® is the same during that month.
720

announcement of the IPO that is typically well in advancehef actual date
of issuance. Unfortunately, the SDC does not include ancement dates in
order to study this issue in more detail, but this evidencuggestive of the
existence of limits to arbitrag¥.

725 We ®nd relatively large price changes, but these imply sofelhges in
expected returns. This can be seen with the Gordon growthufiar for the
dividend-price ratioD/P D E(r) i g. Assume that th®/P ratio is 4%. For
given dividends, a change in prices of 40 basis points im@iehange of only
1.6 basis points in expected returns. A back of the envelapleration of our

730 model shows that these are plausible magnitudes. Takeshe®n in Equation
(3), which is easier to calibrate than Equation (6), and icamghe effect of
a one-standard-deviation increase in the IPO covarianssumie that the risk
aversion coef®cient is 100, consistent with the equity prenevidence, and
that the IPO has the average size in the sample (0.25% of thrgs market

735 capitalization; see Table A3). Multiplying these termsagithat the change in
expected returns is 1.5 basis points per month. We do nobipertests with
long-horizon returns precisely because changes in expeetarns are small
and tests would most probably lack power. The variance ofmstis simply
too large relative to the size of the effect that we document.

740 Table 4 shows pro®ts from trading around IPOs using pasfaiorted on the
IPO covariance. We divide industries into four portfoli@garding to the IPO
covariance and we compute the equally weighted return @fsitivg in each
portfolio around the events in our sample. If we buy the didfwith low IPO
covariance and short the portfolio with high IPO covarigivee earn a signi®-

745 cant difference of 66 basis points over the month of theses if®alueD 5%).

14 Newman and Rierson (2004) document price effects both at moement and issuance in their study of bond
issues.
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Figure 2
Industry returns according to the ranking of covariancéie IPO (selected IPOs).

Figure 2 shows the basic stylized fact in the data behindethesults. The
®gure presents industry returns in different markets imtbeth of four par-
ticular IPOs: Corona in Mexico (food), Unitech in Taiwan (ch@nery), Petron
in the Philippines (oil), and Hanaro in Korea (telecom).ustlies are ranked
from 1 to 17 according to the U.S. covariance with the IPO stdu(with 1
being the industry with the lowest covariance). Since thB§s are in differ-
ent industries, the ranking changes across IPOs. For mestdomod occupies
ranking 17 in the IPO of Corona in Mexico, and it occupies fagk in the
IPO of Unitech in Taiwan. The relationship between retumd the covari-
ance ranking is negative, although the slope is not alwaysdime. Later on we
relate these differences in the slope to IPO charactesi@ig., size) and market
characteristics (e.g., segmentation).

Figure 3 repeats Figure 2, but now using data from all IPO&énsample.
For each IPO, we compute the market-adjusted return on thesiries in the
country during the month of the issue. We then rank industiriem 1 to 17
according to the U.S. covariance with the IPO industry. Rinave average
returns for each ranking position across all IPOs. Thesgnstare plotted
against the ranking, alongside a regression line. This ®ghiows a strong
negative relationship between returns and the covariaitbetve IPO industry.
It is clear from this ®gure that the effect does not come frdiemaoutliers.
Figure 3 also shows that the effect is not derived from thiedifice between
the same industry of the IPO and the other industries. Thegadustry data
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