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Abstract

This paper uses a new approach to assess return behavior after seasoned
equity offerings. Our approach recognizes that sophisticated investors are
motivated to correct mispricing, athough the magnitude of their activity is
influenced by arbitrage costs. This approach avoids inference problems due to
model misspecification or data snooping. The evidence supports the contention
that firms that conduct seasoned equity offerings are overpriced. Our findings
imply that, since mispricing associated with seasoned equity offerings is
persstent in the long-run, holding costs play an important role athough
transaction costs do not. In fact, holding costs dominate the size effect
documented by previous research.
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1. Introduction

Whether or not financial markets are efficient has been along standing subject of debate
(Keynes, 1936, and Friedman, 1953). Testing market efficiency has always been problematic.
First, as Fama (1976) points out, any test of market efficiency is aso a test of an asset pricing
model. Because of this, reection of the null hypothesis may imply that either markets are
inefficient or the modd is wrong. Second, rgjection of the null may occur when the null is true
(Type | error). Various data snooping biases will produce disproportiona large Type | errors.
Both of these problems make interpretation of abnormal stock returns problematic.

Recently, researchers have documented poor performance of long-run stock returns
following equity offerings. For example, Loughran and Ritter (1995) find that in the three years
following a seasoned equity offering (SEO), the average abnormal return for issuing firms is
-33%. These findings have been criticized by Fama (1998), who argues that the abnormal returns
detected by long-run performance studies are highly sensitive to the selected model of expected
returns. This sensitivity is demonstrated by Brav et al. (2000) and Mitchell and Stafford (2000),
who show that offerings do not exhibit abnorma performance relative to some benchmarks.
Loughran and Ritter (2000) argue, however, that the benchmarks selected by Brav et al. and
Mitchell and Stafford incorporate mispricing proxies rather than true risk factors. Thus,
Loughran and Ritter claim that by including mispricing proxies as benchmarks, these studies bias
the test againgt finding abnormal performance when it exists. The debate between proponents
and detractors of market efficiency stems from the fact that the "true" equilibrium asset pricing
model is unknown to the researcher, and it is impossible to distinguish between mispricing and
model misspecification.

Disentangling identification between mispricing and model misspecification is important
for understanding firms' decisions to issue equity. If the stock of firms, which conduct SEOs, is
overpriced, the decision to issue equity can be viewed as an opportunity to create value for old
shareholders by selling overpriced or “frothy” shares to new shareholders [see, Loughran and
Ritter (2000) and Schill (2000)]. In an efficient market this transaction does not generate
systematic gains, since efficiency implies that after the SEO announcement, the stock price is
fairly valued, negating any systematic benefit from the offering [Myers and Majluf (1984)]. In
the case of market efficiency, lower post-SEO returns reflect equilibrium asset prichg. This may
be attributable to alower cost of capital, perhaps due to decreased exposure to an unknown type
of priced risk [Eckbo, Masulis, and Norli (2000)].



Our paper uses a completely different methodology to study long-run SEO performance.
Specificdly, our test largely avoids the abnormal return/model misspecification joint hypothesis
problem as well as data snooping biases. We acknowledge that mispricing creates profit
opportunities for sophisticated investors who act as arbitrageurs. The trading behavior of these
investors creates price impact that decreases the equilibrium amount of mispricing. In a
frictionless market, arbitrageurs eliminate al pricing error. In a world with non-zero market
friction, mispricing can persist since various costs impede the profits of arbitrageurs [for example,
Shleifer and Vishny (1990, 1997) and Pontiff (1996)]. Since the costs that affect arbitrageurs
vary depending on security type and market conditions, mispricing can be greater when these
costs are greater, and smaller when these costs are smaller. Since our approach makes predictions
regarding the relation between mispricing and arbitrage costs, it provides a regjectable test of
market efficiency.

Our gpproach is similar to Pontiff (1996) who shows, consistent with mispricing, that the
magnitude of the deviation between closed-end fund prices and net asset values is greater for
funds with higher arbitrage costs. Two differences separate our tests from Pontiff. Firdt,
Pontiff’ s test includes both overpriced and underpriced securities. Since the SEO debate concerns
whether managers time overvaluation, our test focuses on overvauation. Second, Pontiff has a
direct measure of mispricing--closed-end fund discounts, which is the deviation between closed-
end fund prices and net-asset values, whereas we must infer mispricing from ex-post SEO stock
performance.

Our study varies from previous studies of arbitrage costs and performance in two
important ways. First, virtualy all studies, with the exception of Pontiff (1996) and Karpoff and
Walking (1990), compare abnormal returns with transaction costs and make conclusions based on
whether or not the transactions costs are large enough to make arbitrage unprofitable.’ The
intention of this vast literature is to address whether or not an apparent market inefficiency
implies profit opportunities. Our study does not attempt to address this question. We avoid this
guestion since total arbitrage costs are difficult to measure and the notion of “profit” depends on

which costs the arbitrage investor considers sunk. Rather we appea to the notion that, all

! For example, the relation between abnormal returns and transaction costs has been investigated by Fama
and Blume (1966) for filter rules, Jensen and Benington (1970) for portfolio upgrading rules, Dann et al.
(1977) for block-trade returns, Phillips and Smith (1980) for option trading rules, Bhardwaj and Brooks
(1992) and Reinganum (1983) for the January effect, Stoll and Whaley (1983) for the small-firm effect,
Mech (1993) and Knez and Ready (1996) for switching strategies, Pontiff (1995) for closed-end fund
trading strategies, Lesmond (2000) for post-earnings price drift, Copeland and Mayers, (1982), Barber et al.
(2000), and Choi, (2000) for analyst recommendation underreaction, and Lesmond et al. (2001) for
momentum trading returns.



arbitrage trades have zero marginal profit. This notion is common to al models (behaviora or
otherwise) that include arbitrage by economically rational agents.

Second, our paper uses a broad definition of arbitrage costs, which includes both
transaction costs and holding costs. Although theoretical literature frequently incorporates
holding costs [for example, Shleifer and Vishny (1990), De long et al. (1990), and Tuckman and
Vila (1992)], the empirica literature, with the exception of Pontiff (1996), has not. As we will
show, holding costs are the key arbitrage cost that affect SEO long-run returns.

In summary, our results are consistent with SEOs being overpriced. Arbitrage costs are
related to poor post-SEO stock performance. The holding costs associated with SEO arbitrage
appear particularly important in explaining cross-sectional performance. Overal, the cross-
sectiond variation in one-time transaction costs associated with SEO arbitrage has little effect on
long-run mispricing. We find that holding costs dominate the previously documented size effect
of long-run equity offering performance [Brav and Gompers (1997)].

Section 2 discusses the mechanics of costly arbitrage, as well as a detailed description of
the impact of transaction costs and holding costs. Section 3 discusses statistical inference in light
of model misspecification. Section 4 describes the data used in the study as well as the
computation of return performance measures. Section 5 discusses the cross-sectiona estimation
results. Section 6 explores whether inference may be hampered by universal relations between
arbitrage costs and stock returns. Section 7 discusses the time-series estimation results. Section 8

concludes.

2. Mispricing and Arbitrage Costs

For an undervalued security classic costless arbitrage involves costlesdy buying shares of
the security and costlessly selling a fair-priced security that is perfectly correlated with the
fundamental value of the undervalued security. For an overvalued security, arbitrage involves
costlessly selling the overvalued stock and costlessly buying a fair-priced security that is perfectly
correlated with the fundamental value of the overpriced security. The arbitrageur then costlessly

holds this position until prices reflect fundamental values. These strategies make the arbitrage



risk-free. In practice, this arbitrage is not possible since trading is costly, holding positions are
costly and require capita, and it is difficult to perfectly hedge a position.

Arbitrage costs directly affect the ability of sophisticated traders to reduce mispricing.
Specifically, two types of costs affect arbitrage profits: transaction costs and holding costs.
Transaction costs are incurred when positions are opened or closed, whereas holding costs are
incurred every period that the position is held. Mispricing may be more severe for assets that are
more costly to arbitrage since these assets are subject to weaker corrective arbitrage pressure.
Following Pontiff (1996), this section analyzes these costs and their relation to mispricing.

Transaction costs pose an obvious barrier to arbitrage. These costs are incurred per
transaction, and include trokerage fees, market impact costs, and bid-ask spreads. Transaction
costs exhibit substantial cross-sectiona variation (for example, Stoll and Whaley, 1983; Kothare
and Laux, 1995; Knez and Ready, 1996; Chan and Lakonishok, 1997; Jones and Seguin, 1997;
and Lesmond et a., 1999). In a mispricing equilibrium that only involves transaction costs, the
arbitrage trades of an economically-rational investor will yield the same net return regardless of
transaction costs. Thus, for securities with larger transaction costs, arbitrage pressure will only
take place at larger magnitudes of mispricing. Securities with high transaction costs can maintain
higher mispricing in equilibrium than securities with lower transaction costs. Garman and Ohlson
[1981] generalize the implications of arbitrage pricing when market participants face transaction
costs. They show that the arbitrage-implied price of an asset in the presence of transaction costs
is smply the arbitrage-implied price of the asset in the absence of transaction costs, plus or minus
a discrepancy that they cdl a “fudge factor.” The magnitude of this discrepancy is directly
related to the size of the transaction costs.

Holding costs are incurred every period the arbitrage position is held. Examples of
holding costs include borrowing costs, opportunity costs from not being able to fully invest short-
sale proceeds, and risk exposure from imperfectly hedged positions. Shleifer and Vishny [1990]
and Tuckman and Vila [1993] examine an investor's willingness b engage in arbitrage when

confronted with holding costs. Mispricing in equilibrium is greater in longer-term versus shorter-



term assets, since arbitrage in the former involves incurring holding costs over more periods.
Tuckman and Vila show that holding costs cause even perfectly hedged arbitrage positions to be
risky, since losses will be incurred if the mispricing does not dissipate quickly enough. Thus,
similar to De Long et a. [1990], mispricing risk induces the risk-averse arbitrageur to hold a
finite arbitrage position.

To some extent, an arbitrageur will assess tradeoffs between transaction costs and
holding costs. This is important since creating a hedge involves costly transactions. Thus, the
arbitrageur may choose to economize on transaction costs by bearing greater holding costs.

Forgone interest is an important holding cost. Due to margin requirements, traders are
not able to invest the full proceeds of their short sales, although large traders are sometimes able
to negotiate arebate for forgone interest. Because a competitive interest rate is earned on only a
fraction of the withheld proceeds (a typical agreement states that the trader receives the brokers
cal rate on 75 percent of the short-sale proceeds), interest rates are related to the opportunity cost
of the short sale.

If the arbitrageur cannot perfectly hedge the fundamental value of the arbitrage position,
then arbitrage involves risk. For typical stocks, fundamental value can be hedged with portfolios
that are sengitive to the company’s fundamental performance. In the case of fundamental value
that is related to the value of the market portfolio, securities that are meant to approximate the
market portfolio can be used as hedges. In any case, unhedgeable fundamental risk imposes a
cost.

Dividend payments reduce holding costs by reducing the amount of capita that must be
devoted to the arbitrage position in future periods. Although the security is subject to mispricing,
the dividend is nat, i.e., when the dividend is paid investors receive the full value of the dividend,
regardless of mispricing. Each time a dividend is paid, a partia liquidation of the mispriced
security occurs. Holding costs are related to the size of the position, so dividends reduce the
amount of capital that is subject to holding costs. In the extreme case of a liquidating dividend,

the arbitrageur only expects to incur holding costs for the periods before the dividend. In



equilibrium, securities that pay large dividends will be subject to less mispricing since the holding

costs incurred by arbitrageurs are smaller.

3. A costly arbitragetest for abnormal returns.

We motivate our empirical methods with a ssimple model of returns. An equilibrium
model determines expected returns in the absence of mispricing. The model is bifurcated into
two parts, C, and C,. C, isthe part of the model that the researcher uses to calculate expected
returns. C, is not known, and thus not utilized by the researcher. Conceptually, we can think of
C, as being undiscovered factors that complete the asset pricing model. Realized returns are
comprised of three components, mispricing, M, an expected return component that is dictated by
the true equilibrium model, C,;+ C,, and noise, e;. €, is assumed to be uncorrelated to M, C,, and
C.. If M ispositive (negative) the security is underpriced (overpriced) and is expected to have an
abnormally high (low) return. The return of the security, r, can be expressed as,

r=M+C +C, +¢g (@]

Mispricing is comprised of two multiplicative effects, h , which isrelated to the expected
return bias of irrational traders, and A, which reflects arbitrage costs.

M =hA 2
No arbitrage costs imply no mispricing. Although arbitrage costs do not influence
whether the mispricing is positive or negative, the magnitude of potential mispricing
increases in arbitrage costs. A security with a negative (positive) h is likely to have
negative (positive) future returns, and is overpriced (under priced).

Besides not using the entire equilibrium model of expected returns, the researcher
measures C; with error. Thus, the researcher’s estimate of expected returnsis given by,

P=C, +e, (3)

The researcher estimates abnormal returns by subtracting the actual return (1) from the
expected return proxy (3), yielding,

r- P=hA+C2+e - ¢ 4)

The formulation of (4) illustrates the source of Fama's joint hypothesis problem. The abnormal
return proxy contains a mispricing component, hA, and a model misspecification component,



C,. Observing the level of the abnormal return proxy, r - P, does not alow the researcher to
discern between model misspecification and abnormal returns.

Data snooping biases can influence statistics that are based on the abnormal return proxy.
In general, these biases will occur if conditional on information available when the Statistics are
calculated, the expectation of € is not equal to zero. In the case of post-SEO poor return
performance, a possibility is that instead of having negative returns due to mispricing
(hs  <0), firms with SEO have performed poorly due to poor luck—negative e,. Studies that
use the same data will find the same poor performance.

Our test of mispricing involves the covariance between the abnormal return estimate and
arbitrage costs. If arbitrage costs are uncorrelated to the noise in the researcher’ s return forecast,
€, then this covariance between the abnormal return estimate and arbitrage costs can be written
as,

Cov(r - P,A) =hs : +Cov(C,,A) (5)
where s % isthe variance of the arbitrage costs. A test of whether the security is overpriced is a

test of whether Cov(r - P, A) <0, versus the null hypothesisof Cov(r - P,A) =0. Thistest

is uninfluenced by e, , thus inference is unhampered even if the level of the abnormel return is
influenced by data snooping.

If Cov(C,,A)<0, then this test might lead us to fasdy rgect null. Fortunately, this
scenario is unlikely, since this would imply that securities that are associated with higher
arbitrage costs have lower expected returns. Most transaction cost models, such as Amihud and
Mendelsohn (1986) predict the opposite. In this case, where Cov(C,,A)>0, the test will still be
well-specified athough it will have less power, in that it will fail to rgject the null more often than
if C, were orthogonal to arbitrage costs. Our tests of the mispricing of SEOs center on testing this
implication.

4. Data

Our sample of offerings includes dl primary U.S. common seasoned equity offerings
from the Securities Data Company (SDC) Global New Issues dataset from January 1970 to
December 1995. The SDC sample is composed amost exclusively of firm-commitment
offerings, which generally eliminates the smaller, speculative, "penny” stock best-effortsissues.



The sample also excludes equity carve-outs. As in Loughran and Ritter (1995), al regulated
utility issuers (SIC code 481 before 1985, 491-494), closed-end funds (SIC code 672-673), red
estate investment trusts (SIC code 6798), and American Depository Receipts are excluded from
the sample due to the unique nature of their offerings and the equity issue restrictions they face.
We aso require offering firms to be listed on the Center for Research in Security Prices (CRSP)
database prior to the offering.

4.1 Long-run performance

A host of models have been used in the literature to determine long-run new offering
return performance. Ritter (1991) introduced the control firm buy-and hold return measure. This
measure has been adopted widely using different attributes by which to select control firms,
including size (Loughran and Ritter, 1995); size and book-to-market (Brav and Gompers, 1997,
Jegadeesh, 2000, and Brav et d., 2000); size and industry (Spiess and Affleck-Graves, 1995);
and size, book-to-market, momentum, price, and dividend yield (Jegadeesh, 2000). Fama (1998)
advocates the alternative use of factor models to compute cumulative average returns.  Loughran
and Ritter (1995), Brav and Gompers (1997), and Mitchell and Stafford (2000) use the Fama-
French three factor model. Brav et a. (2000) use variations of the Fama-French three-factor
model and Carhart's four-factor variation. Eckbo et a. (2000) use a mode with six
macroeconomic risk factors to price equity offerings.

Given the wide range of model preferences and the difficulty in distinguishing risk
factors from mispricing proxies, we measure long-run performance using three "plain vanilla"
models: the Capital Asset Pricing Model (CAPM), the standard three factor Fama-French mode,
and the size-matched control firm approach. For each model, we measure performance over
caendar months t+1 to t+36, which has been shown to comprise the bulk of new issue
underperformance (see Loughran and Ritter, 1995).

CAPM abnorma performance for firm i is defined as,

86

a (Fic - birgy) (6)

t=1
where r;; is the monthly return for firm i less the Treasury Bill yield t months after the offering,
r 1S the monthly return for the CRSP value-weighted market less the Treasury Bill yield t
months after the offering. b isan estimate of firm i’s beta, which is computed from aregression



of excess market return on the excess return of the CRSP. The estimation regression is computed
using available data in the 36 months following the SEO. For firms with less than 6 monthly

observations, b is set to the sample mean.

The Fama-French 3 factor abnormal return is defined as,

36

A (ric- b™ 1y - B™PSMB, - bI™M-HML,) ™

t=1
where SMB; is the monthly small-minus-big size Fama-French factor t months after the offering,
HML, is the monthly high-minus-low book-to-market Fama-French factor t months after the
offering. For firmswith ayear or less of post SEO return data, the Fama-French abnormal return
is set identical to the CAPM abnormal return measure.

The size-matched abnormal return is defined as,

R6 3
O+r)-Oa+r) ®

where r is the month t return for a non-issuing control firm that is size-matched with firm i.

This estimation procedure isidentical to that of Loughran and Ritter (1995).

4.2. Independent variables

Transaction cost proxies. Reliable explicit estimates of transaction costs are difficult to
obtain prior to the late 1980s (Keim and Madhavan, 1998). We use three proxies for transaction
costs that are available throughout our 26 year sample period. Lesmond et al. (1999) use the
limited dependent variable (LDV) model of Tobin (1958) and Rosett (1959) to estimate round-
trip transaction costs using only the distribution of daily returns. For our sample, the LDV
estimate is obtained using the daily returns of the issuing firm returns in the calendar year prior to
the equity offering.”> For the small number of firms where sufficient daily return data is not
available we use the coefficients from a regression of the LDV estimates from the respective
decade on the logarithm of firm market capitalization and five share price binary variables for the
respective price ranges of less than $5, $5 to $10, $10 to $15, $15 to $20, and above $20

2 We thank David Lesmond for generously providing the LDV estimates for our sample.



following Bhardwa and Brooks (1992) to estimate the LDV estimate using the firm price and
size values. We apply those coefficients to the SEO's respective size and price to obtain a quas
LDV estimate for the observations lacking the standard LDV estimate.

We aso use the inverse of the firm's stock price at the end of the calendar offering month
(1/P) to proxy for trading costs following Karpoff and Walking (1988). Bhardwg and Brooks
(1992) find that the average bid-ask spread for stocks with prices under $5 are 6%, while stocks
with prices above $20 have, on average, spreads of 0.9%. Our hope is that the inverse of stock
price captures variation which is similar to bid-ask spread variation. Lastly, the logarithm of
market equity value is used as an alternative transaction-cost proxy because small stocks suffer
from greater iliquidity, spread, short selling constraints, and market impact costs [see, for
example, Stoll and Whaley (1983)].

Holding cost proxies. Therisk of an arbitrage position is the volatility of the difference
between the mispriced asset's return and the hedge asset's return. If the arbitrage is perfect, then
the asset's return and the hedge are perfectly correlated, and the arbitrageur is not exposed to any
risk. Finding an appropriate hedge for firms issuing equity is likely to be challenging. We
expect that the least expensive risk for the arbitrageur to hedge is risk that is related to market
movements, beta risk. For each firm with twelve or more months of return data prior to the
seasoned equity offering, we estimate a regression of excess stock return on the excess return of
the Standard and Poors (S&P) 500 index for the 36 months before the offering. We retain the
beta coefficient and the standard deviation of the model error or root mean square error. The
beta is a measure of the market risk that is attributable to the securities risk, and the root mean
sguare error is ameasure of the idiosyncratic risk, which is difficult to hedge. For firms with less
than twelve months of return data before the offering, we examine the returns of other firmsin
the same industry. Industries are defined using the same procedure as Fama and French (1997).
To obtain industry estimates, we estimate a regression of stock return on the return of the S&P
500 index for each firm in the industry. We use the average industry beta and root mean square
error estimated over the 36 months prior to the offering as the beta and root mean square error of
the SEO firm.

Returns are comprised of dividend payments and price appreciation. Although prices are
subject to mispricing, dividend payments are not. Because of this, dividend yield is related to the
expected holding period required for an arbitrage position. Each time a dividend is paid the
arbitrage position is partialy liquidated. Since arbitrageurs expect to incur greater total holding
costs for positions that they expect to hold longer, ceteris paribus, arbitrageurs will view arbitrage

10



in high dividend yield securities as less costly than low yield securities. For example, a stock
that will pay a liquidating distribution next period will only create holding costs for one period.
Dividend yield is measured as the sum of the dividends paid per share for the 12-month before
the offering, divided by the price level a the time of the offering.

Table 1 provides summary statistics for the sample of 5,303 seasoned equity offerings.
Consistent with previous SEO studies, mean abnormal return estimates are significantly negative
and range from -24 percent for the CAPM model, -14 percent for the Fama-French model, and -
21 percent for the size-matched buy-and-hold model.®> In Panel A, we also report summary
statistics for the cross-sectiona and times-series independent variables. Panel B provides
correlation coefficients for the cross-sectiona variables. The CAPM and Fama-French abnormal
return estimates are highly correlated with a correlation coefficient of 0.88. The size-matched
abnormal return is less correlated with the other model estimates with coefficient estimates of
0.55 and 0.50 for the CAPM and Fama-French model, respectively. The univariate correlation
between long-run performance and the arbitrage cost proxy variables suggest that mispricing is
bound by the costs of arbitrage as predicted by the arbitrage cost explanation. Larger beta risk
and idiosyncratic risk is associated with worse abnormal performance. Higher dividend yield is
associated with lower mispricing. Longrun performance is aso increasing in size and
decreasing in LDV transaction costs as predicted. Only the share price variable produces
correlation coefficients that are inconsistent with univariate predictions.

5. Cross-sectional estimation results

The cross sectional arbitrage cost estimation is presented in table 2. Our estimation
procedure is designed to mitigate problems due to cross correlation in post-SEO returns, as well
as problems associated with heteroskedasticity.

First, individual equity offerings may not represent independent events. Firms that issue
equity contemporaneoudly are likely to share similar characteristics. Loughran and Ritter (1995)
find that long-run abnormal returns for firms issuing equity during periods of heavy offering
volume tend to perform worse than firms that issue equity during period of light offering volume.
If the statistical test assumes independence, contemporaneous observation correlation is likely to
bias the test (Brav, 2000; Mitchell and Stafford, 2000).
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Dummy variables based on calendar time may not be useful in correcting for this problem
since if each time period has equa length, variation in the volume of SEO may lead to the
dummy variables that under control for high volume cycles (since too much activity occurs
during a period) and under control for low volume cycle (since too few offerings occur). We
avoid this problem by creating 11 dummy variables that are based on offering time. We separate
our offering dataset into 12 time groups where each group has the same number of offerings.
Because of this, high volume periods have time dummy variables that comprise shorter calendar
periods, whereas lower volume periods have time dummy variable that comprise longer calendar
periods. Overal, we expect this specification does a good job capturing intertemporal variation
in post-SEO returns.  As a specification check, we regress firms estimation residuals on the
estimation residuas of other firms with offerings in the same month. From this test, we are
unable to reect the null hypothesis of no correlation between the abnormal returns for SEOs
during the same month. Although all cross-sectional estimation use 11 cycle dummies, for
presentation reasons, coefficients on the dummy variables are omitted from table 2.

Second, we expect residua heteroskedasticity that is related to firm characteristics as
well the time period. Our approach to this problem is to use a two-pass procedure. A first pass
ordinary least squares regression is estimated. The natural log of the squared residuals from this
regression are used as the dependent variable in an ordinary least squares regression where the
independent variables are; the natural log of firm return variance in the three years before the
SEO, the natura log of the return variance of the CRSP equal weighted index in the three years
following the SEO, the natura log of the firm market capitalization, the LDV transaction cost
measure, the firm’s dividend yield, and the 11 time dummy variables. We chose these variables
since we expect them to be related to the heteroskedasticity that is associated with our abnormal
return measure. The inverse of the exponent of this predicted value of this estimation isused as a
weight in a second-pass weighted |east squares regression.

The estimation results are presented in table 2. Panel A reports results using the CAPM
as the appropriate return generating process, panel B reports results using the Fama French three
factor model as the appropriate return generating process, and panel C reports results where
abnormal returns are calculated relative to a size-matched control firm.

Holding cost results. Overdl, the three panels offer support to the contention that all
three return specifications produce estimates of abnormal returns and that holding costs are an

3 We are unable to obtain size-matched control firm estimates for 18 SEOs. The omitted firms do not



impediment to arbitrage. First, consstent with the hypothesis that idiosyncratic risk is an
arbitrage cost, there is a strong negative relation between idiosyncratic risk and three-year
abnormal returns following SEOs. Thus, firms with higher level of idiosyncratic risk tend to have
more negative abnormal returns following the offering. The null of no relation can be rejected at
the 1% level regardless of the specification.

Surprisingly, beta risk is aso negatively related to three-year abnormal returns.
Although, from examination of the tstatistics this finding appears dightly less robust than the
idiosyncratic risk results, the finding is still puzzling, since if market risk can be inexpensively
hedged, we would not expect beta risk to be related to abnormal returns. This result is somewhat
smilar to Pontiff (1996), who finds that mispricing as proxied by closed-end fund discounts is
positively related with market risk, although Pontiff is unable to reject the null of no-relation.
One explanation of our finding is that market risk is, in fact, costly to hedge. Thisissue is further
explored in section 6.

Dividend yield is the proxy for the expected amount of time the arbitrage position is held.
As expected, all specifications produce positive slope coefficients on dividend yield. For the
CAPM specification these results are always significant at the 1% level. For the Fama-French
specification the slope on dividend yield is statistically significant for half the specifications,
whereas for the size matched specification the sope on dividend yield is only statistically
sgnificant for one specification.

Transaction cost results. We use three proxies for transaction costs; the Lesmond et &
limited dependent variable (LDV) estimate, the natural log of firm size, and the inverse of price.
Overall the slope coefficients on the transaction cost variables either have the opposite sign of
that predicted by costly arbitrage or the dope coefficients are insignificantly different from zero.

From table 1, our transaction costs proxies are highly corrdlated. Because of this, thereis
some vaue from making inference by comparing estimation when each transaction cost is
included separately (columns 4, 5, and 8). For al three return measures, the sign on the slope of
the transaction cost proxies is opposite of that predicted ly costly arbitrage. This finding is
inconsistent with the joint hypothesis that transaction costs are an impediment to arbitrage and
deviations from return generating specifications capture abnormal returns. Given the holding cost
results and the transaction cost results, one interpretation of these results is that, for SEOs,
transaction costs are of second-order importance compared with holding costs. Since the

appear to maintain any specific characteristic bias.
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abnormal returns associated with SEO take years to dissipate, the finding that the predominant
impediment to arbitrage is holding costs rather than transaction costs has an intuitive appeal.

Column 7 of all three panels demonstrates a positive correlation between size and
abnormal return consistent with Brav and Gompers (1997). On the surface this result appearsto
support the costly arbitrage notion of arbitrage with respect to transaction costs, athough once
holding cost variables are included this size effect disappears. Thus, the size effect noted by other
authors appears to be a proxy for aholding cost effect.

Table 3 investigates the robustness of the table 2 results. Estimation is conducted for two
and four year holding periods. For al estimations, both idiosyncratic risk and beta risk are
always negative and statistically significant. Of these two variables the statistical significance of
idiosyncratic risk is aways stronger than beta risk.  Dividend yield is always positive, and
satistically significant for the CAPM performance measure but not for the size matched
performance measure. For the Fama-French measure, dividend yield is statistically significant for
two-year performance but not four-year performance. For all specifications, the transaction costs
variables are insignificant except the estimate of the impact of LDV o two-year Fama-French

abnormal returns. The slope is negative, which is consistent with costly arbitrage.

6. Estimating the universal relation between arbitrage costs and abnormal returns

One possible explanation of our resultsin that our arbitrage costs variables are negatively
related to a portion of the true asset pricing model that is not being captured in our abnormal
return specification. In context of equation 5, this possibility would imply that Cov(C,,A)<0.

Most previous research contradicts the possibility that our arbitrage cost variables will be
negatively correlated with abnormal returns. Malkiel and Xu (1997) for idiosyncratic risk, Banz
(1981) and Reinganum (1981) for size, Amihud and Mendelson (1986) and Brennan and
Subrahmanyam (1996) for transaction costs, and Litzenberger and Ramaswamy (1979) for
dividend yield al find significant positive correlation between returns and the respective arbitrage
cost variables. We recognize that many of these studies do not incorporate long-run returns, nor
do they incorporate the same abnormal return specification that we utilize. Inference may also
me affected by transient relations between arbitrage costs and returns that are evident in our data,
but not in the time periods used by other studies.

In order to address these concerns, we estimate the cross-sectiona relationship between

both the CAPM 3 year abnormal return measure and the Fama-French 3-factor abnormal return
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measure with arbitrage cost proxies. We utilize al stocks on CRSP with December year-end data
between 1969 and 1995, which is the same time period as our SEO sample. Similar to our SEO
estimation, we calculate CAPM abnormal returns for firms with less than 6 months post return
data by using the sample mean beta coefficient of al firms with less than 6 months of data. Also
for firms with less than 12 months of data, the CAPM abnorma return is substituted for the
Fama-French 3-factor return abnormal return.  Also similar to the previous SEO estimation, for
firmswith less than 12 months of data before December year-end, we utilize the industry average
residual mean square error and S& P beta.

We use a Fama-MacBeth procedure to estimate the cross sectiond relation [Fama-
MacBeth (1973)]. Thus, each period a separate legression is estimated. In order to produce
heteroskedastic consistent estimates, each firm is weighted by the inverse of the average absolute
value of its abnormal return in the entire sample. The average slope coefficient from the 26
different annual regressions is reported in Table 4. Since our estimation uses overlapping data,
we utilize standard errors that account for serial dependence’

From the results in Table 4, we can not rgect the null hypothesis, that the level of
idiosyncratic risk and dividend yield have no ability to predict 3year CAPM abnormal returns.
Of the three CAPM specifications, the specification that produces a dope coefficient on
idiosyncratic risk that is closest to the SEO cross-sectiona results, is column 1 with a dope of
-0.25. The weakest SEO CAPM cross-sectiona dope coefficient on idiosyncratic risk is —1.58
(Table 3, Panel A, column 8). The difference between these two coefficients is —1.33,
corresponding to a tstatistic of —4.69 (this tstatistic alows for both slopes to have different
standard errors). Thus, the slope coefficients on idiosyncratic risk in Table 2, pane A, are
significantly more negative than the coefficients from an estimation that utilizes all securities.
This result is consistent with the notion that post-SEO returns reflect over-pricing and that
idiosyncratic risk is a holding cost that impairs the activities of sophisticated traders.

Next, we compare the dividend yield results from the CAPM specifications in Table 4
and Table 2, panel A. The strongest dividend yield slope coefficient from the Fama-Macbeth
regression is 0.6. The weakest dividend yield slope coefficient from Table 2, panel A, is 5.21
(column 8).  The difference between these coefficients is 4.60, with a t-statistic d 6.10. This
reaffirms that the Table 2 findings regarding dividend yields are not being driven by market-wide
relations.

4 We estimate a time-series regression of each slope coefficient on an intercept. The residuals from this
regression are modeled as a second-order moving average process. The standard error we useto compute
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The idiosyncratic risk and dividend yield conclusions are roughly similar when we focus
on the Fama-French 3 year abnormal returns. The most negative idiosyncratic risk slope from the
Fama-MacBeth regressions (column 4) is —0.17, whereas the least negative idiosyncratic risk
dope in Table 2, Panel B, is —1.33. The difference between these slope is —1.16, with a
satisticaly significant t-statistic of —3.84. The largest Fama-MacBeth slope on dividend yield
-0.40 (column 5), whereas the smallest dope in Table 2, Pand B (column 8) is 0.50. The
difference between these two dope is 0.90, with a tstatistic of 2.18. Again, the results from
estimating the relation between abnormal returns and arbitrage costs on al stocks, does not affect
our inference from the SEO sample.

Interestingly, inference from the Table 2 beta coefficient results is affected by the Table 4
results. From the CAPM abnorma return specification, the most negative slope coefficient on
betarisk is—0.07 (Table 2, panel A, column 6). The least negative betarisk Sope on Table 4 is
-0.03 (column 1). The difference between the dope coefficients is —0.04, with a t-statistic of
-1.81. From the Fama-French abnormal return specification, the most negative slope on beta risk
is—0.07 (Table 2. panel B, column 2). The least negative beta risk dope in Table 4 is —0.03
(column 6). The difference between these coefficients is —0.04, with at-statistic of —1.38. To the
extent that beta risk is costless to hedge, the Table 2 estimation should have exhibited no relation
between beta and abnormal returns. The Table 4 findings seem to imply that the contradictory
Table 2 results may be attributed to a market-wide relation between beta and abnormal returns.

7. Time-seriesestimation results

The impact of interest rates on post-SEO performance cannot be estimated using cross-
sectional techniques, necessitating atime-series test. We conduct a time-series test by computing
the average three-year post SEO performance for al offerings in a given month. This variable is
used as our dependent variable in our regressons. The 30-day T-Bill yield, aggregate SEO
volume as a fraction of total market capitalization, and a dummy for the month of January are
used as independent variables. SEO volume is used to control for post-offering performance that
is attributable to cycles in the equity market. Our inclusion of this variable is motivated by
Loughran and Ritter (1995) who show that SEO volume is negative correlated with post-SEO

the t-statistics from the Fama-MacBeth estimation is the standard error on the intercept of the time-series
regression.
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performance. As a robustness check, a dummy variable for January has been included since
some anomalous return behavior can be attributed to the month of January [Keim(1983)].

In order to control for autocorrelation, we model the residuals of this regression as a
fourth-order autoregressive process. Since our dependent variable is an average, we weight each
observation by the square root of the number of SEOs used to calculate the average. This is
intended to create a more homoskedastic series. Four observations are deleted from the time-
series since no offerings occur during these months.

The time-series results are presented in Table 5. For all three abnormal return measures
and al specifications, the slope coefficient on interest rates is negative, implying that a one-
percentage point increase in annual interest rates is associated with SEO 3 year performance that
isroughly between 1% and 3% worse. These results are broadly consistent with the assertion that
these abnormal return measures proxy for mispricing and that the mispricing is related to holding
codts that are related to interest rates. This finding is strongly statistically significant for the
Fama-French three factor abnorma returns as well as the size-matched abnormal returns,
athough the CAPM results are insignificant.

The coefficient on aggregate SEO volume as a fraction of total market capitalization is
negative for all specifications. This finding is statistically significant for both the Fama-French
three factor abnormal returns as well as the size-match abnormal returns. The CAPM results are
insignificant. For all specifications there is not a dtatistically significant difference between

offerings that occur in January versus other months.

8. Conclusions

Previous studies have debated whether poor post-SEO stock price performance violates
market efficiency. Inference is hampered by potential data-snooping biases and the fact that any
test of market efficiency is also atest of a specific model of market equilibrium. We provide a
methodology that avoids these problems.

This paper provides a different view of this post-SEO stock price performance by
acknowledging that mispricing provides profit opportunities for sophisticated investors. In the
absence of arbitrage costs, the trading activity of sophisticated investors will exert price impact
until all mispricing is eliminated. The existence of arbitrage costs implies that mispricing can
persist since not all corrective trades will be profitable. In equilibrium, securities with greater

arbitrage costs will exhibit greater potential mispricing.
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We investigate three abnormal returns specifications based on the CAPM, the Fama-
French three factor model, and size matching. Overdl, our results imply that the abnormal
returns estimated by these specifications are a manifestation of mispricing. Consistent with
costly arbitrage, abnormal returns are more negative during times of greater holding costs and for
stock which are subject to higher holding costs. Specificaly, we find that abnormal performance
isrelated to interest rates, idiosyncratic risk, and dividend yields.

Interestingly, we do not find evidence that transaction costs are related to the abnormal
returns estimated by these specifications. Although previous studies have found relations
between abnormal returns and transaction cost proxies such as size, we show that once holding
costs are considered, a size relation is dwarfed. We posit that, for long-run mispricing, holding
costs are the predominant source of arbitrage costs rather than transaction costs.
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Tablel
Summary statistics

The sampleis comprised of all primary U.S. common seasoned equity offerings between January 1970 and December
1995 reported by SDC. Offerings by regulated utilities, REITS, and closed-end funds are excluded. Offerings which
are not followed by CRSP are also excluded. Abnormal returns are estimated over 36 months beginning with the
calendar month following the offering. Abnormal return specification is defined for model 1 using the estimated
CAPM betafor offeringswith at |east six months of post-offering return dataon CRSP otherwise the betais set to one;
for model 2 using the estimated Fama-French three-factor model loadings for offerings with more than 12 months of
post-offering return data otherwise the model 1 estimate is used; for model 3 as the difference between buy-and-hold
returnsfor the offering firm and that of asize-matched control firm. Idiosyncratic and betarisk are defined as the root
mean square error and slope estimate from aregression of firm returns on the S& P 500 index over the three years prior
to the offering. For firmswith lessthan 12 return observations, the respective average industry root mean square error
or betaestimateisused. Log of sizeisthe natural logarithm of the market capitalization of the offering firm at the end
of the calendar month of the offering. LDV is the limited dependent variable estimate of transaction costs. Inverse of
priceistheinverse of the offering firm's stock price at the end of the calendar month of the offering. Dividendyieldis
the past 12-month rolling dividend yield.

Panel A: Sample statistics

Number Mean Std Dev Minimum Maximum

Abnormal return specification

(1) CAPM 5,302 -0.24 0.85 -4.06 5.0
(2) Fama-French 5,302 -0.14 0.91 -5.66 7.29
(3) Size-matched 5,284 -0.21 1.54 -16.09 17.87

Cross-sectional arhitrage cost variables

Idiosyncratic risk 5,302 0.14 0.07 0.03 0.78
Betarisk 5,302 131 0.77 -0.73 12.34
Logof size 5,302 -1.10 157 -6.51 4.82
LDV 5,302 0.06 0.06 -0.01 1.02
Inverseof price 5,302 0.11 0.47 0.00 21.33
Dividendyield 5,302 0.01 0.02 0.00 0.18
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Table 1 (Continued)
Summary statistics

Panel B: Abnormal return measure and cross-sectional variable correlation coefficients

Abnormal return specification

Fama- Sze- Idio. Beta Log of Inverse
CAPM  French  matched risk risk size LDV of price
Abnormal return specification
Fama-French 0.875
Size matched 0.548 0.498
Idiosyncratic -0.130 -0.096 -0.063
risk
Betarisk -0.076 -0.041 -0.050 0.173
Log of size 0.039 0.048 0.011 -0451  0.030
LDV -0.018 -0.045 0.000 0.484 -0.037 -0.597
Inverse of 0.017 0.001 0.011 0.199 -0.024 -0.244 0.373
price
Dividendyield 0.159 0.068 0.045 -0.442  -0.188 0.381 -0.265 -0.073
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Table 2

Regression estimation of the relation between post-SEO long-run abnormal return measures and
arbitrage cost proxies.

Weighted least squares regression results. The sample is comprised of all primary U.S. common seasoned
equity offerings between January 1970 and December 1995 reported by SDC. Offerings by regulated
utilities, REITs, and closed-end funds are excluded. Offerings which are not followed by CRSP prior to
the offering are also excluded. Variable descriptions are provided in Table 1. T-statistics are in

parentheses.

* and ** denote rejection of the null hypothesis at the 5 percent and 1 percent level,

respectively. Regressions in Panel A and B contain 5303 observations. Regressions in panel C contain
5285 observations.

Panel A: Dependent Variable:
CAPM 3 year Abnormal Return
1) 2 3 4 ®) (6) @ 8
Intercept -0.18 -0.34 -0.23 -0.19 -0.18 -0.05 -0.40 -0.18
(-3.50) (-7.04) (-4.64) (-3.61) (-3.55) (-0.92) (-9.77) (-3.48)
Idiosyncratic -1.66 -1.77 -1.64 -1.67 -2.24 -1.58
risk (-7.21)" (-7.79)"  (-7.13)" (-7.67)" (-10.2)" (-7.59)"
Betarisk -0.05 -0.07 -0.05 -0.05 -0.07 -0.05
(-2.75)" (-4.03)” (-2.88)" (-2.75)" (-4.54)” (-3.02)"
Log of size -0.02 -0.01 -0.02 -0.02 0.00 0.04
(-1.63) (1.22) (-1.83) (-1.93) (0.14) (5.12)"
LDV -0.07 -1.13 -0.04 0.38 0.13
(-0.15) (-2.60)"  (-0.08) (1.05) (0.28)
Dividend 554 7.13 5.95 5.29 553 521
yield (7.94)" (10.73)" (873" (7.71)” (7.95)" (7.70)"
Inverse of 0.05
price (1.46)
Adj. R 0.069 0.060 0.068 0.069 0.069 0.058 0.029 0.069
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Table 2 (Continued)
Regression estimation of the relation between post-SEO long-run abnormal return measures and

arbitrage cost proxies.

Panel B: Dependent Variable:
Fama-French 3 Factor, 3 Y ear Abnormal Return

D ) ©) 4) ©) (6) (7) (8

I ntercept 0.17 0.06 0.13 0.16 0.17 0.20 -0.04 0.16

(3.55) (1.36) (2.86) (3.39) (3.48) (4.32) (-1.05) (3.41)
Idiosyncratic -1.38 -1.53 -1.33 -1.45 -1.49 -1.34
risk (-5.90)" (-6.76)" (-5.74)" (-6.70)" (-6.65)" (-6.73)"
Betarisk -0.05 -0.07 -0.05 -0.04 -0.05 -0.05

(-2.70)"  (-4.26)" (-2.82)" (-2.65)" (-3.04)" (-2.83)"

Log of size -0.01 -0.01 -0.02 -0.01 -0.01 0.02

(-1.63) (-0.95) (-1.83) (-141) (-1.24) (299"
LDV -0.33 -1.24 -0.26 0.04 -0.20

(-0.84)  (-3.28)" (-0.65) (0.11) (-0.49)
Dividend 0.66 130 0.84 0.51 0.60 0.50
yield 73" (352" (222 (1.37) (1.60) (1.36)
Inverse of 0.02
price (0.59)
Adj. R 0.016 0.009 0.015 0.015 0.016 0.015 0.001 0.015
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Table 2 (Continued)
Regression estimation of the relation between post-SEO long-run abnormal return measures and
arbitrage cost proxies.

Panel C: Dependent Variable:
Size-matched, 3 Year Abnormal Return

1) 2 3 4 ®) (6) (7 (8

Intercept 0.03 -0.12 -0.02 0.03 0.04 0.07 -0.19 0.04

(0.36) (-1.48) (-0.26) (0.35) (0.43) (0.79) (-2.71) (0.45)
Idiosyncratic -1.53 -1.66 -1.51 -1.38 -1.68 -1.41
risk (-3.83)" (-4.23)" (-3.87)" (-3.62)" (-4.39)" (-3.94)™
Betarisk -0.05 -0.07 -0.05 -0.06 -0.06 -0.05

(-1.85)  (-2.59)" (-1.87)  (-1.96) (-2.14) (-1.95)"
Log of size -0.00 0.01 -0.00 -0.01 0.00 0.02

(-0.17) (0.60) (-0.31) (-0.79) (0.16) (1.90)"
LDV 0.60 0.06 0.67 0.63 0.64

(1.24) (0.12 (1.40) (1.46) (1.39)
Dividend 148 2.80 1.90 143 159 135
yield (1.26) (249" (L65)° (1.26) (1.36) (1.18)
Inverse of 0.13
price (2.29)
Adj. R 0.008 0.006  0.008 0.009 0.008 0.008 0.003 0.009
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Table 3
Regression results varying the time horizon of the dependent variable

Weighted least squares regression results. The sample is comprised of al primary U.S. common seasoned
equity offerings between January 1970 and December 1995 reported by SDC. Offerings by regulated
utilities, REITs, and closed-end funds are excluded. Offerings which are not followed by CRSP prior to
the offering are al'so excluded. Variable descriptions are provided in Table 1. Abnormal returns measured
from first calendar month following the offering to 24 or 48 months following the offering. T-statisticsare
in parentheses. * and ** cenote rejection of the null hypothesis at the 5 percent and 1 percent level,
respectively.

Dependent variable CAPM Fama-French Size-matched
2years 4years 2years 4 years 2years 4years
Intercept -0.13 -0.20 0.06 0.20 -0.00 031
(-3.24) (-2.15) (1.59) (2.49) (-0.05) (213"
Idiosyncratic risk -1.29 -1.67 -0.87 -1.51 -1.53 -1.50
(-7.09)" (-6.19)" (-4.59)"  (-5.54)" (-3.80)" (-3.61)"
Betarisk -0.03 -0.07 -0.02 -0.09 -0.05 -0.06
(-2.59)" (-3.67)" (-1.84)y (-4.27)" (-1.71)" (-2.15y
Log of size -0.02 -0.01 -0.02 -0.01 -0.01 0.00
(-2.13) (-0.55) (-2.37) (-0.84) (-0.42) (0.24)
LDV -0.29 0.27 -0.73 -0.30 -0.47 0.65
(-0.77) (0.50) (-2.09)" (-0.75) (-0.96) (1.25)
Dividend yield 3.85 6.34 0.75 0.14 1.56 164
(7.07)" (7.60) (2.09)" (0.29) (1.33) (1.37)
Observations 5666 4870 5666 4870 5284 4852
Adj. R 0.061 0.066 0.012 0.019 0.009 0.011
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Table 4

Fama-M acBeth estimation of the universal relation between arbitrage costs and abnormal returns

The sample is comprised of al securities covered by CRSP with December year-end data from 1969 to
1995. Variable descriptions are provided in Table 1. For each of the 26 years, a cross-sectional regression
return measures on arbitrage costs proxies. The reported slope-
coefficients are the average slope coefficient from each regression. T-statistics are in parentheses. The
standard errors are adjusted for second-order serial dependence.

is estimated d three-year abnormal

hypothesis at the 5 percent and 1 percent level, respectively.

* and ** denote rejection of the null

CAPM
3 year Abnormal Return

Dependent Variable

Fama-French 3 Factor
3 Year Abnormal Return

(1) 2 ©) 4 5 (6)
Intercept 0.26 0.04 0.32 0.17 0.04 0.11
(312" (2.39" (3.100™ (2.98)" (2.57)° (0.87)
Idiosyncratic -0.25 0.08 -0.01 -0.17 -0.12 0.00
risk (-1.30) (0.36) (-0.05) (-0.87) (-0.66) (0.01)
Betarisk -0.03 -0.04 -0.03 -0.03
(-1.69) (-2.17)" (-1.82) (-1.15)
Log of size -0.01 -0.02 -0.01 -0.00
(-1.88) (-2.30)" (-2.08)" (-0.24)
Dividend yield 0.31 0.61 0.30 -0.59 -0.40 -0.57
(0.96) (1.85) (0.93) (-2.66)" (-2.15)" (-1.74)
Inverse of 0.14 0.08
price (0.33) (2.79)
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Table5

Time-series estimation of the relation between SEO long-run abnormal returns and interest rates at the time of SEO

Time-series regression results with 4"-order residual correlation. The 312 monthly observations between 1970 to 1995 are weighted by the square root of the
number of offerings in the respective month. The 10 months without any offerings receive no weight in the regression. The dependent variable is the mean 36-
month abnormal return for all SEOs for the respective month. Interest rate is the annualized 30-day Treasury Bill yield. Dividend yield is the mean dividend
yield for al SEOs for the respective month. Aggregate SEO Volume is total dollar amount of primary seasoned equity offered over months t-2 to t divided by
the total market capitalization of all CRSP-listed stocks. January is an indicator variable with value of 1 for January and O for other months. T-statistics are in
parentheses. * and ** denote rejection of the null hypothesis at the 5 percent and 1 percent level, respectively.

CAPM Fama-French Size-matched
(1) (2 (3 (4) ©) (6) (7) (8) 9
Intercept -0.20 -0.19 -0.20 -0.04 0.01 0.00 0.01 0.13 0.13
(-3.09) (-2.57) (-2.60) (1.05) (0.22) (0.07) (0.10) (1.512) (1.59)
Interest rate -0.80 -0.79 -0.79 -1.51 -1.47 -1.66 -3.33 -3.35 -3.33
(-0.92) (-0.91) (-0.92) (-3.09)" (-3.14)" (-3.29)" (-3.48)" (-3.70)" (-3.72)"
Aggregate -0.00 -0.00 -0.03 -0.03 -0.06 -0.06
SEO volume (-0.17) (-0.12) (-1.72)" (-1.76)" (-2.23)" (-2.18)"
January -0.02 0.00 -0.13
(-0.40) (0.00) (-1.29)
R 0.603 0.603 0.603 0.298 0.304 0.307 0.300 0.311 0.315




